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Abstract: For the non-normality and time variability of the distribution of
multivariate financial assets return, a dynamic model of the distribution of
multivariate financial assets return based on mathematical model is
constructed in this paper. AR(1)-DCC(1,1)-GARCH(1,1) model reflects dynamic
characteristics of conditional expectation and conditional variance of
multivariate financial assets return. It solves the problem that restricts the in-
depth research on high order dynamic portfolio optimization, which is the
estimation of conditional coskewness matrix and conditional cokurtosis matrix.
By constructing a multi-dimensional fluctuation model with biased t
distribution, conditional asymmetric parameter and conditional free degree
parameter, the distribution of multivariate financial assets return is researched.
Experimental results show that the proposed model can reasonably reflect the
time-varying characteristics of the multivariate stock return distribution in
China’s stock market.
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1 Introduction
The return on financial assets is a

econometric model for the description of
stock price behavior, stock market return

very important concept in financial
economics. The correct description of the
distribution of the return rate is directly
related to the correctness of the portfolio
selection, the effectiveness of the risk
management, and the rationality of the
option pricing. In the classical
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is usually assumed to obey normal
distribution. Metrological financiers have
made a lot of theoretical and empirical
analysis of this classic hypothesis
(Lutzenberger Gleich and Mayer 2017).
The results show that the majority of
stock market returns in financial markets
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do not obey normal distribution, but are
characterized by peak, thick tail and
asymmetry. At present, for the research
on the distribution characteristics of
multivariate financial assets, most of
them focus on the time variation of the
second-order moment. The research
progress of risk time variability
considering higher order moments is very
slow (Rombouts Stentoft and Violante
2014). The reason is mainly that the
conditional cokurtosis matrix and
conditional coskewness matrix is difficult
to estimate. To solve this problem, a
reasonable multivariate financial assets
return distribution model based on
mathematical model is built in this paper.
It can describe the time-varying
characteristics of the distribution of
multivariate financial assets return, and
facilitate the estimation of the parameters
of the model and the estimation of the
conditional coskewness matrix and the
conditional cokurtosis matrix.

First, through the Taylor series
expansion of the utility function, the
method of solving the dynamic portfolio
considering the high-order moment risk is
obtained, and the difficulties encountered
in the process are analyzed. Then, based
on the multivariate biased t distribution of
Bauwens and Laurent (2005), the time
variation of the biased thick tail property
is further considered (Bonfiglioli 2016).
Combined with DCC-GARCH model
proposed by Engle and Sheppard (2001),
a dynamic model of multivariate financial
asset return distribution based on
mathematical model is proposed in this
paper. The estimation of the parameters
of the model and the estimation of the
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conditional coskewness matrix and the
conditional cokurtosis matrix are given.
Finally, the proposed model is used to
make an empirical analysis.
2 Dynamic model of multivariate
financial assets return distribution
based on mathematical model

In this paper, a dynamic model of
multivariate financial assets return
distribution based on mathematical
model is built. This model consists of two
parts. The first part is the

AR(1) - DCC(L,1) - GARCH (1,1)

model, which is used to describe the time
varying characteristics of conditional
expectation and conditional variance for
multivariate financial assets return (Shi
and Valdez 2014). Through this part of
the proposed model, the conditional
expectation vector and conditional
covariance matrix can be estimated. The
second part is the multivariate conditional
biased distribution model, which is used
to describe the time variation of the
biased thick tail characteristics of
multivariate financial assets return
distribution (Vitiello and Rebelo 2015).
Through this model, the conditional

coskewness matrix S, and conditional

cokurtosis matrix K, can be reasonably

estimated.
2.1 AR(1)-DCC(1,1)-GARCH(1,1)
model

AR(1)-DCC(1,1)-GARCH (1,1)

model is built to reflect dynamic
characteristics of conditional expectation
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and conditional variance of multivariate
financial assets return distribution.

AR(1) model reflects conditional

expectation autocorrelation,

DCC(1,1) - GARCH (1,1) model

reflects conditional variance aggregation.
Assume & = (gl,t""’gn,t) = Rt — K

is the error vector of n financial assets

returns in the t period, Re is the vector

of the financial assets return in the t

period, # is the conditional expectation

vector of financial assets return, which
can be set in autoregressive form, such as
introducing exogenous variable (David

and Gallo 2014). In this paper, AR(1)

equation is used. 0 (1=1,2,...1) is the

R

conditional  variance  of e

0 (i=12,.n;j=12,.,n) S the

conditional covariance of Ri and R“.
AR(L) - DCC(L,1) - GARCH (1, 1)

model is expressed as

Rt =u+ gDRt—l + & (1)
£ = Zfz z. ()
Zﬁ:Dtrt D, (3)

D, = diag(\/oy;1-n14[/Omy)  (4)
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Cir =0+ [0y, + ?/igiz,t—l i=1..,n
Q)
I, = (diag(Q,))"Q,(diag(Q )™ (6)
Q =01-0,-6,) Q+ (U Ui ) +0,Q,
(7N
1 p, Lo py
_ |, 1 O M
Q= (8)
M O O p,
o, L Pn-in 1
u =D"s (9)
where @ is the n*n-dimensional

diagonal matrix, 2t is the residual

vector of error vector °t  after

standardization. In order to reflect the
biased thick tail characteristics of the
distribution of financial assets return and
the time variability (Evans and

Z,

Hnatkovska 2014), it is assumed that

has multivariate conditional biased t
distribution. The conditional covariance

matrix Zt can be regarded as a

function consisting of diagonal matrix

D .. . .
t and conditional correlation matrix

T composed of standard deviation

o.. L. . O.
it Conditional variance ~t obeys
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GARCH (1.1) model while conditional

. . . T
correlation coefficient matrix ~t also

has time variation. Q is the

unconditional covariance matrix of the

vector Y . In order to ensure the

smoothness of the variance process and
the positive definiteness of the
conditional correlation coefficient matrix
(Thomson Schonert-Reichl and Oberle
2015), the restrictive condition is added,
which is

Bi+y. <Li=12,.

2.2 Multivariate conditional biased t
distribution model
Although

AR(1) - DCC(L,1) - GARCH (1,1) model

can describe the dynamic characteristics
of the conditional expectation and the
conditional variance of multivariate
financial assets return, it is still necessary
to model the biased thick tail
characteristics and time variability of
multivariate financial assets return
distribution. Bauwens and Laurent (2005)
introduced asymmetric parameter in
multivariate t distribution (Scheufele
2015) and proposed a multivariate biased
t distribution model to describe the biased
thick tail characteristics of the
distribution of multivariate financial
assets return. Although the parameters of
the model are easy to estimate and have
good practicability, it does not consider
the time variation of the biased thick tail
characteristics. Based on the results of

Tob Regul Sci.™ 2021;7(5): 2244-2259

Bauwens and Laurent (2005), the time
variation of the biased thick tail
characteristics is further considered to
propose multivariate conditional biased t
distribution model. The built multivariate
conditional biased t distribution model is
divided into two parts. The first part is the
multidimensional biased t distribution,
the second part is the fluctuation model of
conditional freedom parameter and
condition non-multi-parameter.

(1) Multidimensional biased t
distribution.

Assume standardized

!
residual vector  Z, =(Zy,....Z) obeys

W0<6,5,<1 and 5+, <fnultlvar1ate biased t distribution and the
joint density function is given by

n é/iz 7vi_l+l
t(ZI|V1,I’ lnw/lw 'nt) 1i_l[biCi(1+\/i¢—i2) 2
(10)
where
(b| it +ai)/(1_2’l,t) when Ziy<—q /bl
"\ bz, +a)/@+4,) when 7, >-a /b
and
(™
ci:—zva 4,0 b2 ~1434% -4
=) &

1< <2<y <o

where I'(Q is the gamma function, Ay

is the asymmetrical parameter of the edge

.. . Z . . .
distribution of ', which is to describe
the biased characteristics of distribution.

When 4, =0 , Zi is the standard t
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distribution.  When 4, <0 , the

distribution of Zi is left-biased. When

A.>0 . Z. .
1t , the distribution of ' is

rights-biased. a, b, and c are the constants.

V. . Z
"t is the degree of freedom
obeys, which is to describe thick tail
characteristics of the distribution. The

V. . .
smaller "', The more obvious the thick
tail characteristics of the distribution.

V., >+  Z ) )
When 't , " has no thick tail

characteristics. In order to ensure the
existence of the second-order matrix of
edge distribution, the restrictive condition

2 <V <% dded.

(2) Fluctuation model of conditional
asymmetric parameter and conditional
degree of freedom parameter

Ang and Bekaert (2002) pointed out
that the bull market and bear market are
persistent (Wurthmann 2015). Positive
fluctuation is usually concentrated at
certain  periods,  while  negative
fluctuation is concentrated in other
periods, which indicates that asymmetric
parameters have a certain time
aggregation. Das and Uppal (2004)
pointed out that large fluctuation usually
does not have continuity. After the earlier
fluctuation, the thick tail characteristics
of the return distribution obviously
weakened, that is, the larger fluctuation in
the early stage tends to follow the larger
degree of freedom parameter (Grisse and

Tob Regul Sci.™ 2021;7(5): 2244-2259

Nitschka 2015). Based on the above
analysis, the following conditional degree
of freedom parameter fluctuation model
and conditional asymmetric parameter
fluctuation model are built.

p
%:%+§bij‘€t—j‘ i=12,..n
(11)
ﬂ,lytz/lgrzq:cikgtfk i=12,..n
-1< 4, <k1:,12 <V <0
(12)

It should be explained that the return
distribution tends to normal distribution
due to the infinite degree of freedom
parameter. In order to  express

convenience, selected to be
it ls

modeled. After the short term events, they
tend to follow larger degrees of freedom

(Frédéric Teulon Khaled Guesmi and

Selim Mankai 2014). So v, can be set to

a larger positive number to reflect the
proximity to normal distribution. The use
of the absolute value of the error term in
the fluctuation model of the degree of

freedom parameter V,, is because the

change of the degree of freedom

parameter V,, depends mainly on the

magnitude of the previous fluctuation
rather than the direction. The use of an
error term with symbol in the fluctuation
model of asymmetric parameters is
because the change of asymmetric
parameters depends on the size of the
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previous fluctuation and the direction of
the previous fluctuation.
(3) Estimation of model parameters

0= 0.0,8,7(=1
is the parameter vector to be estimated of

AR(1) - DCC(L,1) — GARCH (1,1)

o,

1

o, , and o,

model. are the

. . W,
nonlinear function of t

¢ =4

is the parameter vector to be estimated of

A0y (1=1,2,..n; j=1,2,..., p),c, (i =

conditional degree of freedom parameter
model and
asymmetric parameter fluctuation model.

fluctuation conditional

The parameter vectors 6 and ¢

are estimated. First, the conditional log
likelithood function of the sample is
obtained.

InL(R

1! L]

(13)
where t(zt(ﬁ)’m(Rt—ﬂt(‘g))M) and

t(z,|¢)

multivariate biased distribution in Eq.
(10). By maximizing Eq. (13), the
maximum likelihood estimation of the
parameters to be estimated is obtained
(Guo and 2014). The estimation of

and &

are the density function of the

parameter vectors can also

be realized by two-stage maximum
likelihood estimation.

(4) Estimation of conditional

Tob Regul Sci.™ 2021;7(5): 2244-2259

2, oy n),51,52,PJk(

R;16.£) Zln[tz (O) (R - u(0 |§1B%Ini

coskewness matrix S, and conditional

cokurtosis matrix K,

1<j<k<n

Under 'the multivariate conditional
biased t distribution, the conditional

covariance  matrix S and the

t

conditional cokurtosis matrix K, can be

estimated by matrix computation (Harris
Hartzmark and Solomon 2015). The
fgllo%irkg_ 1'52 )slescrlptlon of the
estimation process The
derivation process is omitted in this paper.

According to Eq. (12) and Eq. (13),

intermediate

R—u=¢= Z:/Z z, can be obtained,

where z = (@ )1, 1=1,2,...,0)

the  choleski ~ decomposition  of
conditional matrix. For
conditional coskewness matrix, there is
the fellowmg relationshlp

;MP Eﬁfﬁ ‘ ")

1S

covariance

(14)

12 ) .
where Zt Z, i Nx1 _dimensional

vector, (Z:ﬁ Zt)(Zfz ) ® (Zi/z Z,)

2

nxn

-order matrix,

12 2 _ oy, V2 _ \..
EL$), 20, 2)®( )
represents conditional expectation for

. ®
each component of the matrix, is the

Kronecker product. Through expansion

nd .. . O
conditional expectation
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K= [kijkl,t:|nxn3

|V|
=E §R—#)(R - 1) ®(R - 1) ®R,— )" =E, 1§Z z

n
:Z r jrtwkrta)lrt tl rt +ZZ |rtmjr,twks,tw|st+w o

r=1 r=1 s=1
S#r

, it can be obtained that

22 (Vi,t _2)2
o0 e 0,9

t t

jsta)krta)lst+w(\,jst éjtmlrt | J kl 12; 4N

M., ( 2 (141042 +54°%)(when v, >4).

it

3 Experimental analysis

Sijkt = Z Wiy 1 Oje 1 O 1 EH(ZSJ),L J,Kk =1,23.1, Data selection and basic statistical

(15)
Similarly,

K = [kijml]xns

n non
= Z |rta)1rta)krta)|rt - 1 rt + ZZ Irt jr,twl(s,twlst +a, 0)
r=1 r=ls

S¢

where @, (i, ]=12,..,n) can be

determined by Choleski decomposition
of conditional covariance matrix.

EL(z8)(i=12,...1n)

and

E () =12,...1)

are given by

M,,—3aM,,+2a’
b_S

Et—l(zst) =

(17)

M|4_4aiMi,3+6ai2Mi,2 -

characteristics
4 stocks of the Shanghai Stock
Exchange are randomly selected: Dongan

=E SR )R -1)®R —1) @R~ ) Q%}’Y%ﬂz £§&*Z§b gty :§}ﬁel shares
a

Caplt Tourlst shares

151%6@025’87’1s‘f”11ﬁeﬂbﬂgly| BF0277). A week

is taken as an investment cycle and
weekly closing data is taken as the
research object (Paul Sullivan and Ted To
2014). The sample interval is from
January 1, 2012 to December 31, 2016.
Excluding the holidays and asynchronous
trading days, the sample size is N=231.
Data is from the Tai’an CSMAR database
(Jiayu 2014). The stock vyield is
calculated from the first-order difference
of the natural logarithm of stock week

(i=12,..¢closhiepri¢g. F)m Table 1, it can be seen

that, the 4 stocks significantly reject the
assumption that the distribution of return

361_4is subject to mnormal distribution.

Et—l(zft) = b-4

(18)

~Therdf3re, Nthehemiyered) of higher

moments should be considered in
portfolio optimization.

(when v, >3)

where M,, =1+34% =b*+a’,

Table 1 The basic statistical characteristics of the yield sequence

Average Standard

.. J-B test
value deviation

Stock name Skewness Kurtosis

Dongan power -0.002941 0.048160 -0.138925 5.032973  39.83825*

Tob Regul Sci.™ 2021;7(5): 2244-2259 2250
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Linggang

.0.002574 0.055216 0.091024  7.959601 237.0713*
shares
F'rzthz:'eiade 0.001353 0.050435 0.268827 5.828865 79.80618*
Yilienergy 003046 0052070 0925895 1027976  543.0809*
Note: * represents it is significant under conditional asymmetry  parameter

the significance level of 1%.

3.2 Estimation of model parameters
The dynamic characteristics of the 4

stock returns distribution are built with

the model of

multivariate return

distribution. v, =100(i =1,2,3,4)

proposed dynamic

financial assets

1s set.

For the sake of simplification, the

fluctuation model of conditional degree
of freedom parameter fluctuation model
is set to 1st-order lag (Song Li and Wang
2015). Using Eviews5.0 and Matlab
software, the two-stage
likelihood estimation method is used to
estimate the parameters of the model. The

maximum

estimation results are shown in Table 2
and Table 3.

Table 2 Parameter estimation of one dimensional GARCH model

Dongan Linggan Capital
Stock name g ggang Tourist Yili energy
power shares
shares
-0.00301 -0.00284 0.001244 -0.00481
H (- (- (- (-
6.1067) 4.6617) 2.6826) 7.5783)
-0.023002 -0.101515 0.082438 -0.21932
» (- (- (-
3.4836) 5.4687) -8.0546 3.4054)
o 0.0009 0.0022 0.0009 0.0008
(7.2199)  (7.1144)  (4.3958)  (64135)
0.1801 0.2904 0.1773 0.2849
B (18.7604
) (1.5376) (7.0357) (0.7376)
0.4453 0.2001 0.4983 0.4296
y (17.6077
(6.7367) (6.1008) ) (5.8863)
2251
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Table 3 Parameter estimation of DCC model, degree of freedom parameter and

asymmetric parameter wave model

Stock  Dongan Linggan Caplt.al Yili
name ower shares Tourist ener
P g shares gy
Parameter
fluctuation -4.09405 -1.1262 -2.67258 -2.17928
model of b,
conditional
freedom -10.7966 -11.8782 -6.3425 -3.2441
degree
Conditional oot181 P95 473989 0.00121
asymmetric % 8 4
flfl’arame_ter -6.1517 -12.2035 -5.2984  -3.9934
“;tsjé'lon 091603 292702 867778 51022
' -4.1495 -35627 -6.7284  -3.0446
0.0089
2
-2.2546
DCCModule
0.9486
%,
-7.1239
The data in parentheses after ool 0 0 0
parameter estimation in Tables 2 and 3 '
are statistical values of regression Zuz_ @), = 0.0166 00528 0 0
t ij,t/4x4 —
coefficient t test. t, (230~ 2) ~1.960 0.0269 0.0152 0.0642 0
0.0103 0.0135 0.0019 0.0467
is known. Besides the parameter B in (19)
the conditional variance equation of E, 1(213t):Et-1(223,t):Er 1(233,t)’Et-1(Zz,t):(0'2107'0'0575'0'8655'0'5117)
Linggang shares and Yili energy, the £V (O LE (2 1E (1) =(30004 30030 38725 3109
other parameters are passed significance (Fulz) H(ZZ‘)’ B “(Z“)_(' 30030,38725,3.1927
test.
3.3 Solving and comparison of dynamic (20)
portfolio optimization problem Based on this, conditional
By using estimated value of the expectation vector, conditional
dynamic model of multivariate financial covariance matrix, conditional
asset return distribution, it can be coskewness matrix and conditional

calculated by Matlab software that

Tob Regul Sci.™ 2021;7(5): 2244-2259

kurtosis matrix for the next investment
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period can be estimated. The CRRA
utility function is selected to describe the
utility function of the investor, and the
genetic algorithm is used to solve the
dynamic portfolio problem with high

order moment risk in the Matlab software.

In order to analyze the effect of
dynamic portfolio, the optimization
results of dynamic portfolio and static
portfolio with higher order moment risk
are compared (Lou Hu and Hu 2015). The
used reference index is deterministic
equivalent loss (CEL%), which is given

CELop = YV (W)U V(W) 5006
U(Vv'(w))

. V() and V'()

are the maximum

approximate expected utility of dynamic
portfolio and static portfolio, respectively.

w and W' gre the optimal solution of

dynamic portfolio and static portfolio.
The larger the certainty equivalent loss is,
the better the dynamic portfolio
compared with the static portfolio.

by
Table 4 Comparison of optimal static and dynamic portfolio

Utility
My oh S(10%) K (<o) TNCio CEL
Dynamic
investme 0.009 0.002 -

P nt 0 7 -1.9363 9.9128 0.9936 0.82
Static %
investme 0.008 0.002 -
nt 6 9 -1.9421 10.0750 1.0018
Dynamic
investme 0.007 0.002 -

125 nt 2 2 -1.8845 8.9641 0.2483 2.67
Static %
investme 0.006 0.002 -
nt 4 6 -1.8930 9.4803 0.2581
Dynamic
investme 0.006 0.002 -
nt 7 0 -1.7549 6.3893 0.1145 5.35

A=10 .

Static %
investme 0.005 0.002

nt 1 5 -1.7645 7.2105 -0.127
Dynamic

A=15 investme 0.004 0.001 - 17.34
nt 5 7 -1.5624 3.5435 0.0804

Tob Regul Sci.™ 2021;7(5): 2244-2259 2253
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Static

investme 0.002 0.002

nt 4 2

Dynamic

investme 0.003 0.001
j=20 ™ 8 2

Static
investme 0.001 0.001
nt 6 9

-1.5921 4.6957 0.0972

-1.2934 1.5351 0.0669 26.48

%

-1.3552 3.1389  0.0910

Table 4 shows the first four moments,
utility function values and CEL% values
of dynamic and static optimal portfolios
with different risk aversion coefficients.
From Table 4, it can be seen that, whether
the static investment portfolio or the
dynamic portfolio, the expected return,
variance and kurtosis of the optimal
portfolio are smaller as the risk aversion
coefficient becomes larger, and the value
of the bias and the utility function become
larger. As the risk aversion coefficient
becomes larger, the investor pays more
attention to the risk of the higher moment,
and is willing to reduce the high moment
risk by reducing the expected return
(Rausch and Schwarz 2016). For example,
in a dynamic optimal portfolio with the
risk aversion coefficient of 15, investors
are willing to reduce the expected return
at the cost of 0.0022, in exchange for the

increase of 0.1925x107°in bias, that is,

(~1.5624 x107°) — (—1.7549 x10°5)

and the decrease of 2.8458x10° in the
kurtosis, that is,
(3.3893x10°° —3.5435x10°°) .From an

empirical point of view, it illustrates the

Tob Regul Sci.™ 2021;7(5): 2244-2259

significance of the resrach on portfolio
investment with higher order moment
risk.

From Table 4, it can be also seen that,
under the same risk aversion coefficient,
the utility function value of the dynamic
optimal portfolio is higher than that of the
static optimal portfolio, and CEL% is
positive. It shows that the optimization
effect of dynamic portfolio is better than
that of static portfolio. This is because
dynamic portfolio can better characterize
and avoid higher order moments than
static portfolios. The greater the risk
aversion coefficient, the higher the utility
function value of the dynamic optimal
portfolio, the greater the CEL% value.
When the risk aversion coefficient is 2,
CEL% is only 0.82%, while CEL% is
26.48% when the risk aversion
coefficient is 20. This 1is because,
although the dynamic portfolio method
can describe and avoid the high order
moment risk in spite of the static
investment portfolio, the investor is not
sensitive to the higher risk in the case of
low risk aversion. Even though dynamic
combination can better depict the risk of
higher moments, its role is not
outstanding. With the increase of risk
aversion coefficient, investors are paying
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more and more attention to high order
risk, and the advantage of dynamic
portfolio also appears.

In addition, from the first four
moments of the optimal portfolio, the
expected returns and skewness of the
dynamic optimal portfolio are higher than
the static optimal portfolios under the
same risk aversion parameters, and the
variance and kurtosis are lower than those
of the static optimal portfolio. It also
shows that the performance of dynamic
optimal portfolio is better than that of
static portfolio. With the increase of risk
aversion coefficient, this advantage is
more obvious. The effectiveness of the
proposed model in the application of
asset return

multivariate  financial

distribution characteristics is verified

from another aspect.
3.4 Logarithmic return

As the Shanghai and Shenzhen 300
index shares come from the Shanghai and
Shenzhen two cities, and account for
about 60% of the total market value of the
two cities, the Shanghai and Shenzhen
300 index is selected as the research
object. The data is from January 1, 2015
to December 31, 2016. According to the
closing price of the day, the logarithmic
return per day was calculated, 1701
sample data were collected, and 2 models
were selected, including AR (1) -GARCH
(1,1) -Normal (AEPD, SKST, AST, ALD)
and the proposed model.

Descriptive statistics of selected
data samples are given. The statistics are
shown in Table 5.

Table 5 Descriptive statistics of the logarithmic yield of the Shanghai Shenzhen 300

index
mean standard Excess Number of
value deviatio Kurtosi statistics Q(16) ARCH observatio
5.01E- - 474.92** 34.69* 26.35*
0q 00198 o 247 N o . 17.1

Note: *** represents it is significant
under the significance level of 1%. The
JB statistics are Jarque-Berate statistics.
Q () 1s a Ljunj-boxQ statistic. No, ARCH
is the test result of LM statistics.

From Table 5, it can be seen that, the
bias of the logarithmic yield of Shanghai
and Shenzhen 300 index is less than zero,
showing a certain degree of left deviation.

Tob Regul Sci.™ 2021;7(5): 2244-2259

The excess kurtosis is greater than zero,
indicating that the distribution of the
daily logarithmic yield of Shanghai and
Shenzhen 300 index has “high peak and
heavy tail” phenomenon. From the JB
statistics, it can be seen that the daily
logarithmic yield of the Shanghai
Shenzhen 300 index has rejected the
normal distribution hypothesis at a
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significance level of 1%. The daily
logarithmic yield series of Shanghai and
Shenzhen 300 index for autocorrelation
and heteroscedasticity test
obtained. The results all reject the
hypothesis that there is no autocorrelation
and no ARCH effect at the significance
level of 1%, indicating the existence of
autocorrelation and heteroscedasticity in
the diurnal logarithmic return sequence of
the Shanghai and Shenzhen 300 index.

can be

A

01l

0.08 —

0.06 — .

Logar (o2
ithmic
rate of A
return |
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Fig.1 The time series chart of the daily
logarithmic return of the Shanghai and
Shenzhen 300 index
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Fig. 1 and Fig. 2 are the time series
chart and QQ diagram of daily

logarithmic yield of Shanghai and
Shenzhen 300 index. From Fig. 1, it can
be seen that, there is fluctuation
clustering in the daily logarithmic yield
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of the Shanghai Shenzhen 300 index. Fig.
2 shows that the daily logarithmic yield
series of the Shanghai Shenzhen 300
index do not obey normal distribution.
Figure 3 is the conditional fluctuation
sequence diagram for the estimation of
the logarithmic yield of the Shanghai and
Shenzhen 300 index by using the
proposed model. It is found that there
exists obvious fluctuation clustering in
the daily logarithmic yield series of the
Shanghai Shenzhen 300 index. Compared
with Fig. 1 and Fig. 3, it is found that
when the fluctuation of return in Fig. 1 is
large, the conditional fluctuation of return
in Fig. 3 is also larger. When the
fluctuation of return is small, the
conditional fluctuation of return is also
small. It shows that the proposed model
can depict the fluctuation characteristics
of the daily logarithmic yield of the
Shanghai Shenzhen 300 index. Using the
same analysis method to apply the
proposed model to multivariate financial
asset return, it can also effectively depict
the distribution characteristics of returns.
4 Conclusions

In this paper, the characteristics of
return distribution in dynamic portfolio
with higher order moment risk are
discussed. Taylor series expansion based
on utility function is applied to solve the
dynamic portfolio problem with higher
order moment risk. A dynamic model of
multivariate  financial asset yield
distribution based on mathematical
model is proposed. The estimation
method of model parameters and the
estimation method of conditional
coskewness matrix and conditional
cokurtosis matrix are given. The

Tob Regul Sci.™ 2021;7(5): 2244-2259

empirical analysis shows that the
proposed model can reasonably reflect
the time-varying characteristics of the
multivariate stock return distribution in
China’s stock market. Compared with the
static portfolio, the dynamic portfolio
with higher moments risk is better.

This study not only enriches the
empirical research results of the non-
symmetry test of financial assets return,
but also provides new and powerful
evidence for the exploration of the typical
statistical
international exchange rate market. At
present, the research on asymmetry of
financial assets return is still in the initial
stage in the world. The theoretical circles
have reached a basic agreement on the
importance and influence of asymmetric
asset returns in many theoretical issues.
But there is still a lot of controversy on
“whether asymmetry exists in the income
of financial assets” and “what is the
micro-mechanism of asymmetric
formation”. More empirical results and
theoretical models are needed for
improvement and interpretation.
Therefore, how to explain the main
empirical results in the existing research,
that is, to explore why the return
distribution of some financial assets will
appear to be distinctly different from
other assets, and what is the micro-
mechanism of its asymmetric
characteristics, will be the important
direction of our further research.
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