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ABSTRACT

This paper deals with the estimation of portfolio returns and Value at Risk (VaR), by using a class of
Gaussian mixture distributions. Asset return distributions are frequently assumed to follow a normal or
lognormal distribution. It also can follow Brownian motion or Geometric Brownian motion based upon
the Gaussian process. However, many empirical studies have shown that return distributions are usually
not normal. They often find evidence of non-normality, such as heavy tails, excess kurtosis, finite
moments, etc. We propose a class of Gaussian mixture distributions to approximate the return
distributions of assets. This class of Gaussian mixture distributions, having good statistical properties,
can accurately capture the above-mentioned statistical characteristics of return distributions. The model
is applied easily to estimate the return distribution of a portfolio, and to evaluate the VaR. We
demonstrate the model theoretically and provide some applications.
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INTRODUCTION

follow a Brownian motion or Geometric Brownian motion. It is therefore a Gaussian process with a

time factor in its mean and variance or it follows a normal or lognormal distribution. In practice, the
normality assumption of returns are usually rejected by statistical tests, such as the Jarque-Bera test
(Jarque and Bera 1980), based on the kurtosis and the skewness of observed data. Due to non-normal
evidence, such as heavy tails, excess kurtosis (Carol, A., 2004), some researchers simply assume that a
financial return follows a distribution with heavy tails, such as the Student ¢ distribution, a distribution
derived from the Pearson VII family, or a Generalized Error Distribution (GED). However, it is difficult
to use a single distribution family to approximate the return distribution with various distributional
characteristics (McLachlan and Peel 2000, Tan 2005, Tan and Tokinaga 2006, Tan 2007a). In this paper,
we propose a class of Gaussian mixture distributions to approximate the return distribution of an asset or
portfolio. In our application, we also show how to evaluate the VaR using our proposed method.

I n recent times, many works have focused on modeling asset return distributions, by assuming returns

The remainder of the paper is organized as follows. Next the relevant literature is presented. This is
followed by a discusses of conventional distribution assumptions. Next the theoretical framework and
some applications of our model are presented. The paper closes with some concluding remarks.

LITERATURE REVIEW

Many studies on modeling return distributions of financial assets have been conducted. Among them, the
most used three-type distributions are the normal, the lognormal and the non-Gaussian stable
distributions. Other types of distributions, such as the Student t, the skewed Student t, the generalized t,
the Generalized Error Distribution (GED), the skewed GED, and mixture distribution of Gaussian
distributions have been examined and proposed.
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The normal distribution is one of the most commonly observed and applied distributions. It was widely
used in the 1700’s and successfully applied to astronomical data analysis by Karl Gauss in 1800, and
became known as the Gaussian distribution. From the late 1960s, the empirical analyses failed to support
the normal assumption on estimating the return distribution of real financial data. For example,
Mandelbrot (1963) claimed that while financial prices (or its logarithm) following a Brownian motion is
mathematically convenient, it is hard to fit the real financial data with this assumption. Meanwhile, Fama
(1965) analyzed equilibrium asset pricing and observed that the daily return distribution follows a non-
Gaussian distribution. Furthermore, both Mandelbrot (1963) and Fama (1965) have pointed out that
excess kurtosis and heavy tails exist in real financial data.

Many empirical studies reject normality of returns. For instance, both Hsu, et al. (1974) and Hagerman
(1978) carried out empirical studies and concluded that return distributions are non-normal. Bollerslev
(1987) found leptokurtosis in monthly Standard & Poor’s 500 Index returns. Kariya, et al. (1995) and
Nagahara (1996) find the return distribution of Japanese stocks are fat-tailed and skewed. Kitagawa, Sato
and Nagahara (1999) found that daily or weekly return distributions are not normal but fat-tailed and
skewed according to observed financial data. Harvey and Siddique (2000), as well as Premaratne and
Bera (2000) confirmed the asymmetry of return distribution exists in real business data. Recently, Gerig,
Vicente and Fuentes (2009) presented a model that explained the shape and scaling of the distribution of
intraday stock price fluctuations and verified the model by using a large database made up of several
stocks traded on the London Stock Exchange. Their results showed that the return distributions for these
stocks are non-Gaussian, similar in shape and appear to be stable over intraday time scales.

Thus, normality is not acceptable as a rational assumption for returns. In line with the empirical analyses,
some researchers found that return distributions have heavy tails and then simply assumed the financial
returns follow the Student t distribution. Blattberg and Gonedes (1974) claimed that the Student t
distribution is more suitable to estimate return distributions. On the other hand, Seong and Sang (2007)
employed a skewed Student t on the estimation of Value-at-Risk, for long memory volatility processes in
Japanese financial Markets. Kercheval and Wu (2010) applied the skewed Student t to portfolio
optimization, because the skewed Student t can capture the characteristics of the skewness of observed
empirical distributions well. Glasserman (2003) also confirmed the basic settings of return distributions
are crucial based on numerical approaches. He concluded that a slightly different setting can lead to a
completely different risk measurement, since it uses the variances and covariances between all the
component asset risks, or the historical data based Monte Carlo simulations.

In order to model the heavy-tailed behavior, Akgiray and Geoffrey (1988) and Nolan (1997) proposed a
non-Gaussian stable distribution to describe a return distribution. However, a shortcoming of such a
model is that a non-Gaussian stable distribution does not have finite moments. The estimates of variance
and kurtosis tend to be increasingly large and not to converge as the sample size increases.

Since the 1980s, the inconsistency between the theoretical models and empirical analysis for the observed
skewness and excess kurtosis has been well discussed. To model these statistical properties, Jarrow and
Rudd (1982) suggested using an Edgeworth series expansion as well as the Gram-Charlier series to
approximate the real distribution of asset returns when the real distribution is unknown. This approach
also has been adopted in option pricing by researchers, such as Knight and Satchell (1997), and
Corrado and Sue (1997). Although, these expansions can be used to approximate distributions, they are
not popularly applied in real data analysis because of the difficulties in mathematical calculation and the
existence of non-convergence.

Other proposed distributions to incorporate the observed skewness and excess kurtosis in the financial

markets are skewed generalized t distribution, the Generalized Error Distribution (GED), the skewed
GED, etc. For example, Theodossiou (1998) suggested using a skewed generalized t distribution which
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includes the Student t and skewed Student t to model return distributions. Furthermore, Theodossiou
(2000) pointed out that a skewed GED fits the financial data well, while the asymmetry and excess
kurtosis are observed in the financial data.

It has been shown that it is difficult to simply use a single distribution family to approximate return
distributions with various distributional characteristics (McLachlan and Peel, 2000, Carol, 2004).
Moreover, Tan (2005), Tan and Tokinaga (2006, 2007a) pointed out that conventional assumptions are
inconsistent with the empirical analysis, since either a single distributional family assumption can hardly
catch excess kurtosis and heavy tails, and having finite moments simultaneously. It is more complicated
in some multimodal cases. Thus, serious estimation bias could be introduced when these assumptions are
applied to risk measurement and management risk.

The estimation of Value at Risk (VaR) advocated by Jorion (1996) as a risk assessment tool at financial
institutions strongly relies on the shape of a return distribution. For a normal distribution assumption, the
VaR such as 1%, or 5% can be easily estimated. While compared to the normal case, a distribution with
heavy tails such as a Student t distribution would yield a different estimate at the same percentage level.
Also as shown in Zangari (1996), the VaR would be underestimated using a normal assumption under the
circumstances of heavy tail phenomena. It might lead to a hefty loss in capital management.

Tan and Tokinaga (2007a) studied the statistical properties of a Gaussian mixture distribution and found
that it can provide an accurate approximation for a probability distribution function for data with a
complicated empirical distributional shape, by catching heavy tails behavior and excess kurtosis, being
finite moments, even for the multimodal cases. This approach has been applied in the RiskMetrics™
(Longerstaey and More, 1995) advocated by Morgan (1996), namely, a Gaussian mixture distribution is
utilized to reveal the fat-tailed behavior.

Moreover, a fat-tailed distribution corresponds to a jump process. For example, a return process follows a
Geometric Brownian motion with a jump factor. As pointed out in Tan (2005), Tan and Tokinaga (2006,
2007a), in practice, the statistical characteristics, such as, skewed distributional shape, or heavy-tailed
behavior, is easily modeled (captured) using a class of Gaussian mixture distributions, as well as a
multimodal distributional shape. A mixture distribution has the flexibility to approximate various shapes
of distributions, by adjusting its component weights and other component distributional parameters, such
as mean and variance.

Furthermore, an effective method to estimate the tail distribution related to the rare events (for example,
estimation of the VaR) through a simulation approach, is to use the Importance Sampling (IS) method
(Glasserman, 2003, Tan and Tokinaga, 2007b). The IS method can not only reduce the size of simulation
samples, but also improve the accuracy of the estimated probabilities. However, for some distributions, it
is difficult to identify the optimal parameter in the IS method. But, when the probability density
distribution (p.d.f.) of the return distribution is a Gaussian mixture distribution, Tan and Tokinaga
(2007b), Tan, et al. (2011) showed that finding the optimal parameter in the IS method is guaranteed. It
can increasingly improve the effectiveness of simulation compared to the standard Monte Carlo
simulation.

These works have shown that a class of Gaussian mixture distributions can capture the distributional
characteristics of various distributions by scaling different component distributions to adjust its statistical
properties to meet the observed data, such as the combinational weights, means and standard deviations in
this mixture distribution class to fit the real data. Also a Gaussian mixture has advantage in estimating the
rare events.

Thus, in this paper, we propose a Gaussian mixture distribution to approximate the return distribution of
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an asset. We then extend our results and further theoretically show some good statistical properties of this
class of Gaussian mixture distributions when used to estimate the return distribution of a portfolio or the
VaR (Jorion, 1996). It can provide an accurate distribution approximation and keep the model easily
useable in both academic research and business practice.

CONVENTIONAL DISTRIBUTION ASSUMPTIONS

In this section, we review the merits and demerits of conventional distribution assumptions for returns.
Hereafter, the normal distribution, the lognormal distribution and the non-Gaussian stable distributions
are referred to as conventional distributions. Each of them has its own merits and demerits when applied
to estimate an asset return.

The merit the normal distribution is that it makes the return easily tackled. However, the disadvantages
are: The simple return has lower bound is -1, but there is no lower bound in the normal distribution. If
one-period simple return is normal, then the multi-period simple return is not normal. Empirical results
do not support normality since excess kurtosis and heavy tails are well observed in returns.

The Lognormal distribution has the following merits: There is no lower bound in such a setting. It allows
the multi-period also to be normally distributed. However, the disadvantage is that it cannot capture the
characteristics of excess kurtosis and tail behavior in returns. Therefore, empirical analyses do not support
log-normality either.

The merit of the Stable Distribution is it allows the sum of returns still belong to the stable family. It can
also fit the tail behavior and catch the excess kurtosis well in some cases. While, the problem is that the
non-Gaussian stable distribution has infinite moments. The estimates of variance and kurtosis tend to be
increasingly large and not to converge as the sample size increases.

Except the above three conventional distributions, other distributional assumptions of assets returns have
been proposed such as the Student t, the skewed Student t, the generalized t, GED, the skewed GED,
which turn out to be very complicated distributional forms when applied to estimate the return
distribution of a portfolio. Therefore, it is difficult to use merely one of these distribution families to
approximate an asset/portfolio return distribution. A Gaussian mixture distribution is assigned to a return
distribution of each asset in a portfolio so that a good estimation of the return distribution of a portfolio
can be realized. Furthermore, when this class of Gaussian mixture distributions is applied to estimate a
portfolio, the convolution of such a class of Gaussian mixture distributions yields the same class of
Gaussian mixture distributions with new distributional parameters, namely, the weights, means and
variances, which makes the model easily tackled. Our theoretical framework is summarized as follows.

THEORETICAL FRAMEWORK

Suppose we have return distributions f;(x), f,(x), ... f, (x) for each investing period j (if the total
investing periods are m). Each f;(x) is denoted as a Gaussian mixture distribution. Each f;(x) is a

Gaussian mixture distribution of a portfolio return for the jth asset (if a portfolio is consisted of m
component assets). Thus, we have

G i%‘fy O

k
where o, > O,Zlai/ =1, fl is a component Gaussian distribution N (,ui].,a; )in the Gaussian mixture
=

distribution. We now consider the total return distribution during m periods. Therefore, generally
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speaking, the return distribution is a convolution distribution of all m periods, an m-fold convolution. For
simplicity, and without loss of generality, we just show the case when m=2.

Consider the convolution theorem. That is, the convolution of two Gaussian distributions with different

. 2 2 . . . . .
means and variances, say, X, ~ N(4,,0, ) andx, ~ N(u,,0,"), results in a new Gaussian distribution
with mean and variance equal to the summations of each mean and variance, respectively, namely:

(= +y))’
1 o 2oivol
\/27r\/0',2 +0; (2)
where g,(x)and g,(x)are the probability density function (p.d.f.)) of random variablesx andx, ,
respectively.

2()=[" g (=02 (x)dx =

Now consider the total return distribution within two periods, namely m=2. The p.d.f. of the total return
within two periods then can be written as p(z = x, + x, ), we then have:

p(z)=["fiz =x) fo(x)dx 3)

However, the return distributions f,(x) and f,(x) are denoted as Gaussian mixture distributions, assuming
the number of component Gaussian distributions are two, namely, k=2, we then have

X~ [i(X) =y, fiay [

X, ~ fo(x) = a1y, f i+, o
It yields,
J@)= [ iz fux)dx @)
= [ [ /i (z = %) + @ fo, (2 = D][@)5 £ (%) + sy o, (X) ]
=" e fii(z = %) fro(0dx + [ a0, £, (2 = ) for (x)elx
[ e S (2= 0) £y () + [ 3,15, 312 = ) fp (3
Equation (4) can be expressed by the summation of the following four terms:

Term 1: o0, -[O_Ooo Ju(z=x) fi,(x)dx

which means it follows the following Gaussian distribution with the weight &, r,,

aualzN(ﬂn+,U12>\/(O'121+O_122)2) (Sa )

Term 2: @y, |7, fi,(z = x) fo (x)dx
which means it follows the following Gaussian distribution with the weight o, ,r,,
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0Oy N (L) + o) 54 (5121 + 6222 )2) (50)

Term 3: a0, |7, fo(z—x) [, (x)dx

which means it follows the following Gaussian distribution with the weight,,¢,,

U 1 N (f) + 554 (0221 +6122 )?) (5¢)

Term 4: a,,@,, Io_ow So(z=x) fr (x)dx

which means it follows the following Gaussian distribution with the weight o, cr,,

A 0y N (Hy, +,U22a\/(5221 "‘0222 )2) (5d)

Each term above indicates that each part of the convolution operation corresponds to a newly weighted
normal distribution. Moreover, for the summation of each weight of each distribution, we have

LWy =00y + 00y + 0y 0y + 0y 0y
6
=y (T ay)+ oy (a; +ay) =(a +ay )@, +ay) =1 (6)

This means that the convolution of Gaussian mixture distributions yields the same class of Gaussian
mixtures as well, though, with some new distributional parameters. This result is also true in an m-fold
convolution case. It is easier for one to use the mathematical induction to prove this general result.

Because we have obtained the convolution distribution of the total two periods, we now consider the
probability of the return. The probability for the return of the total m periods larger than R can be
estimated as

PEx, > R)=1-[% f (2)dz ()

where f(z) is m-fold convolution density function, the return distribution of total m periods. Thus, the VaR
can be also evaluated as

PEx, <0)=[2 f(2)dz = ®)

For example, for m=2, we have
P(x,+x,<0)=5%

or inversely,
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0=F"'(a)=inflxcR|F(x)>a) ©)
Because the convolution distribution remains the same class of Gaussian mixture distributions, in Monte
Carlo simulations one may simply generate the random numbers proportional to each component weight
in the convolution distribution, to identify the return characteristics of a portfolio, or evaluate the VaR.
Furthermore, compared to other complicated distributions, in the case when one is applied to the return
distribution of an asset, the Student distribution, for example. The convolution distribution of such a
portfolio then turns out to be a complicated functional form. Usually a simple and distinct distribution
function cannot be obtained under such a setting. Thus, it is difficult not only for one to do further
theoretical research, but also in simulation studies, since it is not easy to generate random numbers from
such a complicated convolution distribution function.

APPLICATION: RETURN AND THE VaR OF A PORTFOLIO OF M ASSETS

Suppose we have a portfolio of m assets and consider the return of the portfolio. We denote the investing
weight on the jth asset as 3, where Y. B, =1.
J

Let z= g x, + Byx, ++--+ B,X,,,
then we have

(D) = p(Bs + oty -+ Byx,) 10)

By denoting ﬂjxj as z;, we have the p.d.f. of z,

p(2) = plz, +2, 4+ 2,) (1)
It is an m-fold convolution as well. Since

X~ fi(x) =y f ity o+ ag S
Xy ~ LX) =apfiitan fn + Qo fio

xm me(x)zalmflm-i—QmeZm +.”+akmfkm (12)

Forz, = p X, it corresponds to a Gaussian mixture distribution as follows,

1
2, ~ o N(Bit s B,07) + & ;N(Bitts ;. ;65 + -+ N(B 1y, B,075) 13)

It yields p(z) = p(z,+---z,) as a m-fold convolution with each Gaussian mixture distribution ofz;
(g=1,2,...,m).
Then, again, we get a new Gaussian mixture distribution from this convolution operation in just the

manner noted above, and this new Gaussian mixture distribution remains the same Gaussian mixture
class. Consequently, the probability for the return of this portfolio larger than R can be calculated as
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Pz, > R)=1-[" f(2)dz 14
=
where f{z) is the m-fold convolution density function.
The VaR can be estimated as
P(Ex, <0) =2 f(2)dz = 15
=i
(16)

O0=F'(a)=inf{xeR|F(x)>a)

In our previous studies (Tan, 2005, Tan and Tokinaga, 2006, 2007), we have applied the Genetic
Algorithm (GA) to optimize the weights of components Gaussian distributions. GA is known as a tool of
Artificial Intelligence (Al), and it has the capability to find out the global optimal solution, not getting
stuck in a local optimal solution. Besides, GA has been also applied to many fields from engineering to
social issues. Other methods such as the Markov Chain Monte Carlo (MCMC) method can also be
applied. One may choose one of the available methods and apply it to one’s problem at hand.

CONCLUDING REMARKS

In this paper, we proposed a class of Gaussian mixture distributions to estimate the return distribution of a
portfolio and applied it in risk management, estimation of Value at Risk (VaR) for a portfolio. In our
previous works, we have shown that a complicated return distribution having non-normal characteristics,
such as heavy-tailed behavior, skewed distributional shape etc, can be accurately approximated using a
class of Gaussian distributions (Tan and Tokinaga 2007a). Meanwhile various numerical applications,
even for multimodal cases, have confirmed the effectiveness and accuracy of our proposed method (Tan
and Tokinaga, 2007b, Tan, et al., 2011).

In this work, we extend our previous results and apply our method to the return of a portfolio and VaR.
We have theoretically shown that a convolution distribution (return distribution of a portfolio) of several
Gaussian mixture distributions (return distributions of component assets) yields a Gaussian mixture
distribution as well. Such a good statistical property makes the model easily tackled. For example, in
simulation studies, one may generate random numbers easily from such a class of Gaussian mixtures, by
simply generating the random numbers proportional to the weight of each component Gaussian
distribution, even in the case of estimating some rare events, such as the Value at Risk. Such a class of
Gaussian mixtures can represent those non-normal phenomena in the return distribution of a portfolio,
such as heavy-tailed behavior, skewness, and excess kurtosis accurately and keep the model simple.

It is no longer necessary to introduce any complicated distribution family, such as, the Student t,
Generalized Error Distribution, to capture the statistical characteristics of financial returns, since it is
difficult to fit the parameters in a complicated distribution and hard to accurately catch the statistical
characteristics of returns using a single distribution family. Meanwhile, the use of a complicated
distribution could introduce a convolution distribution for a portfolio with serious complicated function
form, and makes it difficult to utilize in both academic research and business practice. However, using our
proposed method, once the Gaussian mixture distribution of each individual asset is identified, one can
obtain the return distribution of a portfolio. Namely, the combinational weights, and the distributional
parameters (mean and variance of each component Gaussian distribution) are obtained automatically by
our proposed convolution approach.
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We have stated that a Gaussian mixture distribution can be estimated by Genetic Algorithm, or the
Markov Chain Monte Carlo simulation. However, with the increased number of components the
convergence speed for the parameters estimation could be greatly decreased. Future research will design
and develop some parallel computation algorithms to solve this time-consuming problem.
ACKNOWLEDGEMENT

The authors would like to express their sincere thanks to the anonymous reviewers and the editor for their
valuable comments that helped in improving the quality of this paper. This research was partially
supported by funding from JSRP (Japan Scientific Research Promotion), grant number (c) 19510164, and
the Institute of the Society for Studies on Industrial Economies .

REFERENCES

Akgiray, V. and Geoffrey, B. (1988), The Stable Law Model of Stock Returns, Journal of Business,
Economics, and Statistics, 6, 51-57.

Blattberg, R. and Gonedes, N., (1974), A Comparison of the Stable and Student Distributions as Statistical
Models for Stock Prices, Journal of Business, 47, 244-280.

Bollerslev, T.P. (1987), A Conditional Heteroscedastic Time Series Model for Security Prices and Rates
of Return Data, Review of Economics and Statistics, 69, 542-547.

Carol, A. (2004), Normal Mixture Diffusion with Uncertain Volatility: Modeling Short-and Long-term
Smile Effects. Journal of Banking & Finance, 28 (12).

Corrado, C. and Sue, T. (1997) Implied Volatility Skews and Stock Index Skewness and Kurtosis in S&P
500 Index Option Prices, European Journal of Finance, Vol. 3 No. 1, 73-85.

Duffie, D., and Pan, J. (1997), An Overview of Value at Risk, Journal of Derivatives, Spring, 7-48
Everitt, B.S. and Hand D.J. (1981), Finite Mixture Distributions, Chapman & Hall.

Fama, E.f. (1965), The Behavior of Stock Market Prices, Journal of Business, 38, 34-105.

Gerig, A., Vicente, J. and Fuentes, M. (2009), Model for non-Gaussian intraday stock returns.

Glasserman, P. (2003), Monte Carlo Methods in Financial Engineering (Stochastic Modeling and Applied
Probability), Springer.

Harvey, C.R. and Siddique, A. (2000), Conditional skewness in asset pricing tests, Journal of Finance, 55
June 2000, 1263-1295.

Hsu, D.A., Miler R.B. and Wichern D.W. (1974), On the stable paretian behavior of stock market prices,
Journal of American Statistical Association, 69, 108-113.

Hagerman, R.L. (1978), Notes: More Evidence on the Distribution of Security Returns, Journal of
Finance, 33, 1213-1221.

Jarque, C.M., and Bera, A.K. (1980), Efficient Test for Normality, Homoscedasticity and Serial

105



K. Tan & M. Chu | IJBFR ¢ Vol. 6 ¢« No. 1 ¢ 2012

Independent of Regression Residuals. Economics Letters, 6(3), 255-259.
Jorion, P. (1996), Value at Risk: The New Benchmark for Managing Financial Risk, McGraw-Hill.

Jarrow, R. and Rudd, A. (1982), Approximate Option Valuation for Arbitrary Stochastic Processes,
Journal of Financial Economics, 10, 347-369.

Kariya, et al. (1995), An extensive analysis on the Japanese markets via S. Taylor’s model, Financial
Engineering and the Japanese Markets, 2(1), 15-86.

Kercheval, A., and Hu, W. (2010), Portfolio Optimization for t and Skewed t Returns, Quantitative
Finance, 10(1), 2010, 91-105 .

Kitagawa. G., Sato S. and Nagahara.Y. (1999), Estimation of the Stochastic Volatility Based upon Non-
Gaussian State Space Model, IMES Discussion Paper Series 98-J-12 (in Japanese).

Knight, J., and Satchell, S. E. (1997), The Cumulant Generating Function Method Estimation,
Implementation and Asymptotic Efficiency, Econometric Theory, 13(2), 170-184.

Longerstaey, J., and More, L. (1995), Introduction to RiskMetrics™, 4™ edition, Morgan Guaranty Trust
Company: New York

Mandelbrot, B. (1963), The Variation of Certain Speculative Prices, Journal of Business, 36, 394-419.
McLachlan, G.J. and Peel, D. (2000), Finite Mixture Models, Wiley.
Morgan, J.P. (1996), RiskMetrics: Model Parameters, Technical report.

Nagahara, Y. (1996), Non-Gaussian Distribution for Stock Returns and Related Stochastic Differential
Equation, Financial Engineering and Japanese Markets, 3(2), 121-149.

Nolan, J.P. (1997), Numerical Computation of Stable Densities and Distribution Functions,
Communications in Statistics Stochastic Models, 13(4), 759-774.

Premaratne, G. and Bera, A K. (2000), Modelling Asymmetry and Excess Kurtosis in Stock Return Data,
Working paper, University of lllinois at Urbana-Champaign.

Seong, M.Y. and Sang, H.K. (2007), A Skewed Student-t Value-at-Risk Approach for Long Memory
Volatility Processes in Japanese financial Markets, Journal of International Economic Studies, Vol.
11(1), June.

Svetlozar, T. R. and Fabozzi, F. J. and Menn, C. (2005), Fat-Tailed and Skewed Asset Return
Distributions: Implications for Risk Management, Portfolio Selection, and Option Pricing, John Wiley &

Sons, Inc.

Tan, K. (2005), Modeling Returns Distribution Based on Radical Normal Distributions. Journal of the
society for studies on industrial economies, 46(3), 449-467.

Tan, K., and Tokinaga, S. (2006), Identifying Returns Distribution by Using Mixture Distribution
Optimized by Genetic Algorithm. Proceedings of NOLTA2006, 119-122.

106


http://www.amazon.com/s/ref=ntt_athr_dp_sr_1?_encoding=UTF8&sort=relevancerank&search-alias=books&field-author=Svetlozar%20T.%20Rachev
http://www.amazon.com/Frank-J.-Fabozzi/e/B000APU14K/ref=ntt_athr_dp_pel_2
http://www.amazon.com/s/ref=ntt_athr_dp_sr_3?_encoding=UTF8&sort=relevancerank&search-alias=books&field-author=Christian%20%20Menn

The International Journal of Business and Finance Research ¢ Volume 6 ¢« Number 1 ¢ 2012

Tan, K. and Tokinaga, S. (2007a), An Approximation of Returns Distribution Based upon GA Optimized
Mixture Distribution and its Applications. Proceedings of the Fourth International Conference on
Computational Intelligence, Robotics and Autonomous Systems, 307-312.

Tan, K. and Tokinaga, S. (2007b), Approximating Probability Distribution Function based upon Mixture
Distribution Optimized by Genetic Algorithm and its Application to Tail Distribution Analysis using
Importance Sampling Method, Journal of political economy, 74(1), p183-196.

Tan, K. and Gani, J. (2011), Theoretical Advances and Applications in Operations Research-Modeling
Non-normal Phenonema-, Kyushu University Press.

Theodossiou, P. (1998), Financial Data and the Skewed Generalized T Distribution, Management
Science, 44(12), Part 1 of 2, 1650-1661.

Theodossiou, P. (2000), Skewed Generalized Error Distribution of Financial Assets and Option
Pricing, Working Paper, School of Business, Rutgers University, New Jersey.

Zangari, P. (1996), An Improved Methodology for Measuring VaR, RiskMetrics Monitor, J.P. Morgan.
BIOGRAPHY

Dr. Tan is a Professor in the Faculty of Economics, Kurume University. He can be contacted at: Mii
Campus, 1635, Mii-machi, Kurume City, Fukuoka, Japan. Email: tan_kouyuu@kurume-u.ac.jp

Dr. Chu is a Lecturer in the Faculty of Economics, Kyushu University. She can be contacted at: 6-19-1,
Hakozaki, Higashi-ku, Fukuoka City, Japan. Email: chu@en.kyushu-u.ac.jp

107





