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Based on the asymmetric copula function, this paper analyzes the static
and dynamic correlation between Shanghai Composite Index and Shenzhen
Composite Index. Through the static analysis, it is found that the asymmetric
copula function is better than Gumbel Copula in describing the distribution
characteristics of the top tail dependence between the Shanghai Composite
Index and the Shenzhen Composite Index, and the copula correlation
coefficient definition based on the asymmetric copula function can well
describe the asymmetric dependence between variables. In the time-varying
analysis, the paper improves the traditional dynamic evolution equation of
the tail-dependence coefficient. Through empirical analysis, the result shows
that the improved dynamic evolution equation can better reflect the dynamic
evolution process of the tail-dependence coefficient.
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coefficient, time-varying analysis, dynamic evolution process

Introduction

In investment risk management, diversified investment strategies are generally
adopted to avoid risks, and a large number of studies show that selecting assets with low
correlation for a portfolio can reduce investment risks. Therefore, it is very important to
analyze the correlation between assets in the risk analysis of financial assets.

In origin correlation analysis, Pearson’s linear correlation coefficient is generally used
to describe the correlation between variables. However, since the calculation of Pearson’s
correlation coefficient requires the existence of finite variance, financial time series
usually follow a thick-tailed distribution, and the variance sometimes does not exist.
This greatly limits the application of Pearson’s correlation coefficient in the correlation
analysis of financial assets.

As a function that connects the joint distribution function and the edge distribution
function of random variables, the copula almost contains all the dependent information
of random variables. Because it does not limit the type of edge distribution, the copula
has been widely used in describing the correlation between financial assets. Common
copula-based correlation measures include Spearman’s p and Kendall’s .
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In recent years, some scholars have done a lot of studies
on the application of the copula model and obtained some
important results. For example, Romano [1] applied copula
theory to study the problem of portfolio risk in the Italian
capital market. Rosenberg and Schuerman [2] used the copula
theory to analyze the aggregation of market risk, credit
risk, and operational risk. Patton [3] studied the impact of
asymmetric correlation structure on the performance of two
asset portfolios. In addition, Patton [4] proposed the definition
of conditional copula and used it to characterize the asymmetric
dependence structure between exchange rates. Palaro and Hotta
[5] used the conditional copula to dynamically analyze the
dependence relationship among financial assets. Nikolai et al.
[6] summarized in detail the development and application
of copula function in recent years and made a reasonable
prospect for its future development. Many Chinese scholars
have also conducted numerous studies on the copula and
obtained many conclusions [7-18]. Zhang [7] analyzed the
feasibility of the copula function application in financial data
analysis. Zhang [8] studied the calculation method of multi-
asset VaR based on the copula. Wu et al. [9] applied the
copula theory to the risk analysis of the financial asset portfolio.
Besides, Wu et al. [11] combined the T GARCH model with
multivariate normal copula and multivariate T copula to analyze
the portfolio problem among multiple stocks. Wei and Zhang
[12] combined the copula function with the GARCH model
to analyze the correlation structure between Shanghai and
Shenzhen stock markets, and Wei and Zhang [13] used the
copula function and the GARCH model to conduct a dynamic
analysis of the interdependence between the various sectors
of the Shanghai Stock market. Zhang and Li [14] studied
the integration risk of the asset portfolio based on copula
from the goodness-of-fit. Li et al. [16] measured the financial
risk based on Claytoncopula, and Du and Zhang [17] used
mixed cane copula to compare the calculation accuracy of
VAR of the asset portfolio. Ren and Zhang [18] studied the
value at risk of the financial asset portfolio by using multiple
Archimedean Copula. Among copula functions, Archimedean
Copula has been widely used in the financial field due to
its simple construction method and thick-tailed distribution.
For example, Clayton Copula [19] with the characteristics of
lower tail dependence distribution, Frank Copula [20] with
asymptotically independent tail distribution, Gumbel Copula
[21] with upper tail dependence, and Joe copula [22] with
both upper and lower tails dependence all have been widely
used in correlation analysis of financial assets. However,
the correlation measures spearman’s p, Kendall’s 7, Blest’s
correlation coefficient, Kochar, and Guptas based on the
Archimedean copula are all symmetric correlation measures.
This is not characteristic of the relationship between financial
assets. Generally speaking, for two variables X and Y, the
dependence relationship between X and Y is not the same as
that between Y and X. In order to describe the dependence
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structure between variables more accurately, scholars have
carried out a large number of studies on the asymmetric copula
model between variables. Alfonsi and Brigo [23] proposed
a new construction method for asymmetric copula functions
based on periodic functions. Khoudragi [24] proposed a
method to construct copula based on the product copula
function. Liebscher [25] proposed a method for constructing
asymmetric copula functions based on copula and Archimedes
Copula, respectively.

In this paper, based on the asymmetric copula function
that constructed by Eckhard Liebscher, this paper analyzes
the static and time-varying dynamic relationship between
the Shanghai Composite Index and the Shenzhen Composite
Index. Through analysis, it is found that the asymmetric
copula can better depict the tail distribution characteristics
between variables than the traditional Archimedes copula
Gumbel function, and, in the static analysis, the concept
of the copula correlation coefficient is introduced. For the
asymmetric copula function, copulas correlation coeflicients
p12 and py|1, in general, are not equal; the paper engraves
the asymmetric relationship between variables through the
calculation of the asymmetric copulas correlation coefficient. In
addition, in the time-varying analysis, this paper improves the
evolution process of the traditional tail-dependence coefficient
and makes a comparative analysis between the new evolution
process and the traditional evolution process through empirical
analysis. The result shows that the improved dynamic evolution
equation can better reflect the dynamic evolution process of the
tail-dependence coefficient.

The paper is arranged as follows: Part one consists of
the Introduction and Part two consists of the construction
of the asymmetric copula function. This section introduces
the construction method of the asymmetric copula function
proposed by Eckhard Liebscher and discusses its tail distribution
characteristics. The third part is a correlation analysis of
asymmetric copula function. First, this paper gives the
parameter estimation method of the asymmetric copula
function by using the empirical tail copula function; in this
section, the definition of the copula correlation coefficient is
introduced, and the estimation value of the copula correlation
coefficient is calculated by Monte Carlo simulation so as
to explain the asymmetric dependence relationship between
variables. Part four is a static empirical analysis based on
the asymmetric copula function. The correlation between the
Shanghai Composite Index returns and the Shenzhen Composite
Index returns is analyzed statically by using the asymmetric
copula function. Part five is a dynamic empirical analysis
based on asymmetric copula function. The traditional dynamic
evolution equation is improved, and the empirical analysis
shows that the improved dynamic evolution equation can
more accurately describe the dynamic evolution process of the
upper- and tail-dependence coefficients. Part six consists of
the Conclusion.
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Construction method of asymmetric
copula function

Archimedes copula function

Let C (up,--,ug) = ¢ g @) + -+ + ¢(ug)l; here,
u; € [0,1],¢ is a strictly decreasing function for [0, 1] to

-1

[0, 00). According to a document [10],if ¢ ™" is d- monotonous,

namely, (—l)k j—iw_l(t) > 0, the function C (ul, e ,ud) isa
copula function.

The Archimedean copula is a symmetric copula function,
which can also be expressed in another form:

C(ut,--»ug) = @y (9o () x -+ x @o(ug)), ui € [0,1],
where ¢ : [0,1] — [0, 1], ¢g (t) = exp(—¢(t)).

In the Archimedean copulas, Clayton copula, Frank copula,
and Gumbel copula are widely used in the financial field due to
their thick-tailed distribution.

Tail copula function and tail-dependence
coefficient

Definition 2.1. Set H is a distribution function, tzhe
corresponding copula is C, if for each point in ﬁi_ = %,
the following limits A (x, y) = limt-C (%, %’) exists, then,

t— 00

the function Af(x,y): ﬁ2—> R is called the lower-tail copula
function associated with H.

Likewise, if the Ay(x,y) = lim tC (% lim ,%) limit
t—00 t—00
exists, we say Ay (x, y) the upper tail copula function.

Tail-dependence estimation is not an easy task, especially
for non-standard distributions. It is for this reason that we
are prompted to consider tail-dependence coefficients, or,
rather, tail-dependence coeflicients are a special case of tail
copula functions.

Definition 2.2. (The tail-dependence coefficient) A random
vector (X, Y) is called upper tail dependence; if Ay(1,1) exists
and Ay = Ay(1,1) = tC (%, %) > 0, Ay is called the upper
tail-dependence coefficient; if Ay = 0, (X, Y)is said to be upper
tail independent. Similarly, the lower tail-dependence coefficient
is defined by A, = Ar(L,1). If A > 0(= 0), the lower tail-
dependence coefficient exists, and A;, = 0says (X, Y) is the lower
tail asymptotically independent.

1) (b
1
T

— (1
In addition, for Ay = lim t-C(f,f = lim
t—00 tt t—00
. Clu,u) Cl—u1—u)
= lim = lm ——
u—0 U u—1 1—u
c(3? C (u,
AL = lim t.c(f,z): im S0 _ gy C0ou)
t—00 tt t— 00 % u—0 u
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Therefore, this definition is essentially consistent with the
definition of the tail-dependence coefficient by Joe [22].

The upper- and lower-tail-dependence coefficients are the
values of the upper- and lower-tail-dependence functions at a
point. By comparison, the tail-dependence function can more
intuitively reflect the dependence structure between variables.

As the dependence relationship between financial variables
is not fixed, the dependence coefficient and even the dependence
structure between variables may change with the change of time.
Therefore, many scholars have carried out a large number of
dynamic analyses on the dependence structure between financial
variables. In the past dynamic correlation analysis, we mostly
used the symmetric copula function model to describe the
dependence relationship, so the dependence relationship is also
mostly symmetric, but, in practice, the dependence relationship
between different variables is not symmetric. Specifically, for X
and Y variables, the dependence relationship between X and Y
is not equal to the dependence relationship between Y and X.
Based on this, this paper uses the asymmetric copula function to
dynamically analyze the correlation between financial variables.
First, the asymmetric copula function model that was selected
for analysis is presented.

Asymmetric copula function model

According to the expression of Archimedean copulas
Clut,---ug) = @5 oo x - x @olug),u; €
[0,1],¢0:[0,1] — [0, 1], we can see, since the functions acting
on each u; are the same, the Archimedean copula is characterized
by symmetry. In order to construct the asymmetric copula
function, we can compound different functions ¢q (u;) for
different u;. Based on this idea, Eckhard Liebscher generalized
the Archimedes copula function in literature [25] and proposed
a construction method of the asymmetric copula function.

Theorem 2.1 Let C (ul, S ,ud) =
o(L ijzl hin(@ ™ (u1)) - - hjd((/’_l(ud)))x here,
(p(d)existsxp/ (u) > 0,(p(i)(u) > 0,i = 2,---,d,u € [0,1], let
¢ (0) = 0,9 (1) = 1. Assume that, for eachj € {1,--- ,m} and
ke {l,---,d}, hjk is derivable and strictly increasing function
on [0, 1] to [0, 1], and fj (0) = 0, e (1) = 1, 7 Sy hj() =
x,k=1,---,dx € [0,1], 50 C(u1,- - ,u,) can be concluded
to be an absolutely continuous copula function.

Proof: Fist,

1 m

Clupl,---1) = ¢ m ;hjl (Qﬂ_l (111)) =uy,
]:
C (0,112, .- -,ud) = ¢ (0)=0.

a
Then, we show that mc (1) > 0 for all u; i.e., the
copula has a density. Let ¢ () = ¢ (5;). By induction, we can
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prove that

3k
dujouy- - -duy

= i@(v) ihjl ((0_1 (m)) chyg (<p_1 (“d))
v=1 =1
x 2

MU---UM,, is a decomposition of {1,---,k}

Xm:hjl (‘P_l (“1)> - hjg (‘P_l (ud)) @)
=1

C(u)

ayk (Ml,‘“ ’Mu)

A
Xil;{ dupy

_ L o
For k = 1,---,d. The notation Juy; means Buty Bty

where M = {i1,~-- ,il}. In formula (*), a,; (M1,~- ,M,L)
denotes an integer depending on k,v, My, - - -, M,,. Obviously,
(*) is true for k = 1. Differentiating both sides of (11)
w.r.t.up,, the right-hand side gets the form of the right-
hand side of (11) with k replaced by k + 1. Therefore, by
induction, we obtain that (11) is valid for all 1 < k < d. Since
auqaimaulm <ij:1hjl (1 (1)) ---hjg (1 (“d))) > 0
for different ij,---,ipm by
g (S b (o™ @) g (o7 ) =
M C {1, s ,k}. Remember that ") (1) > 0, by assumption.
Thus, the proof of this theorem is complete.

assumption, we have
0 for

exp(fa(lft)%)feia
1—e@

—a 4 T
1 — (—l"(e#) , then set hy, = xfk,gk € [1,2],hy =
2x — xbk,where r € (1,400), to be simple, let d = 2,m = 2.

Example 2.1. Let ¢(t) = ,s0 o (1) =

According to the theorem, ¢ (f)and h;j(x) can be composited to
construct the asymmetric copula function.

C* (u,u2) = ¢ %ihjl (‘/’_l(ul)) hj ((0_1(142))
j=1

In the following, the upper tail copulaAy(x,y) and the
upper- and lower tail-dependence coefficients of the copula
C* (u1, up) are calculated.

First, the upper tail copula function is evaluated as follows:

_C(1-31-7)

Aylxy) = x+y— lim X
M)
aCc(1—%1-17

— lim ( t t)y
SR a0
1 1
= x+y—x-2771—y-2?71
1 1 1
aw) = Ap(L,) =1+ 1-—27"1—2r7 =227
The lower-tail-dependence coefficient Ay = 0 can be

calculated by using the same method, that is, the copula function
constructed in the example is upper tail dependence and lower
tail asymptotically independent.
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In order to compare the tail dependence structure of
asymmetric copula and Archimedean copula, this paper analyzes
the tail-dependence function of Gumbel copula, which also has
the characteristics of upper-tail-dependence distribution.

Gumbel copula is an Archimedean copula that is
generated by ¢(f) = (—lnt)i,a e (0,1], Clu,v) =
exp | — (—lnu)ozl + (—lnv)é
function of C (u, v) is calculated by the following:

o
), the upper-tail-dependence

Ay(x,y) = lim tﬁ(f X)

t— 00 tt

= lim t(f+X—1+C<1—7,1—X>>
t—00 t t t

. x Y
=x+y+ lim t~C<1—7,1—7)

t— 00 t t

1-%1-2) -1
:x+y+t£n;o ( tl t)
T

=x+y—2a_l-x—2a_l-y

So, Ap(r) = Ap(L,1) =1 + 1 —2071 — 2071 =
2 — 2%; the upper-tail-dependence function and the upper-tail-
dependence coefficient of Gumbel copula have the same form as
the asymmetric copula function C* (u1,uy ).

Correlation analysis of the
asymmetric copula function

Parameter estimation method of the
asymmetric copula function

Due to the complex structure, the commonly used
parameter estimation methods, such as maximum likelihood
estimation, marginal distribution inference method, and
maximum likelihood estimation, are not easy to calculate for
the asymmetric copula function. In this paper, we present a
parameter estimation method of asymmetric copula function
based on empirical tail copula function.

First, the concept of rank is given.

Definition 3.1. Let(x1,y1), (x2,52), -+, (xN,¥N) be N
samples of a random variable (X,Y); arrange x1,x2,- - ,XN
in order, from small to large; the position of x; in the queue,
namely, rank ry, is called its rank. Similarly, the rank of y,

inyl’)/z’ e
Suppose (X,Y), (X1, Y1), -+, (Xm, Ym) are random vectors

,YNis sy, wheren = 1,2,--- ,N.

with distribution functions F, edge distributions G, H, and joint
distributions C, in the following non-parametric estimates of
upper- and lower-tail-dependent functions are given.

Let Cy; represent the empirical copula function, defined
as follows:

Cm(u,v) = Em (Gt (), Hy (1)), (,v) € [0,1]2
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Here, Fu, G, Hp represent the empirical distribution
functions corresponding to E G, H. Similarly, experience
survival can be defined as copula Cyy, (1, v).

Con(w,v) = HEFp ' (), G 0), () € [0,1]

Hpn(x,) = % Z]m= 1 I{xj>x,yj>y}’a(u) =

1 — Fn(),Gu() = 1 — Gu(), so Fp ‘() =

sup {x e R|F(x) > u} ,and sup {®} = — 00

Let R]m1 and R]m2 represent the rank of X; and Y,
respectively, j = 1,2,---,m, and then the estimation of tail-
dependent function as the following:

A kx k
Apm (vy) = M ew (ﬁ,i’) ~

1 m
Tk ZI{R’;,qlskx,anfky}
) _ (kx k
Avm (vy) = 7 Cn (—x, 1)

~-N1

k s {1&,,1 Zm—kx,l%nz Zm—ky}

They are called the experience tail copulas function;
Au = Au(,1),AL = AL (1, 1are called the experience tail
correlation coefficient.

Since the empirical tail copula function is calculated
according to the empirical copula function, the empirical
copula function is only related to the sample data. For the
same group of sample data, when the asymmetric copula
function or Archimedes copula function is used to describe the
interdependent structure between variables, an empirical tail
copula can be used as an estimate of their tail copulas. Through
previous analysis, we know the upper-tail-dependence function
of asymmetric copulas as Ag* (ty) =x+y—x- 2%_1,and
the upper-tail-dependence coefficient )»8* (xy) = Ay 1,1) =
2 — 2%, the upper-tail-dependence function of Gumbel copulas
as Ag (xy) = x+y—x- 201 — x . 2971 the upper-
tail-dependence coefﬁcientkg(x, y) = Ay (L,1) = 2 =29,
because the empirical tail-dependence coefficient Ay, A7 can also
be estimated as either A[C] orA[G]. Since Ag* (r=2- 2%, we can
get an estimation of r that is calculated from ALC]*. In addition
to using Ag to estimate Ag*, we can also directly estimate
ng with empirical tail-dependence coefficients, and also get the
parameter estimates of the asymmetric copula function.

Copula correlation coefficient

Nelsen [26] gives Spearman’s p and Kendall’s T expressions.
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Definition 3.2. Let the random variable (U, V) with copula
C (U, V), expressions of Spearman’s p and Kendall’s 7 as follows:

1 1
p(C) = 12/ / C(u, v)dudv — 3,7 (C)
0 JO

1 1
= 4/ f C(u, v)dC(u,v) — 1
0 Jo

In correlation analysis, Pearson’s correlation coefficient
describes the linear correlation between variables, while
Spearmans p and Kendall's 7 describe the non-linear
correlation between variables, but cannot describe the
asymmetric relationship between variables. Therefore, in
order to describe the asymmetric correlation between
variables, many scholars have carried out numerous
studies. Sungur [27] proposed a correlation coefficient
based on the copula function. Dabrawska [28] analyzed
a correlation measure based on regression. Dette et al.
[29] proposed a regression-dependent non-parametric
measure based on copula function on the basis of regression
correlation measure. Shih and Emura [30] improved the
copula correlation coefficient proposed by Sungur and
gave an expression of the copula correlation coefficient
based on convolution operation. Based on the copula
correlation coefficient proposed by Jia-Han Shih, this
paper analyzes the asymmetric dependence relation
of the asymmetric copula function that is presented in
this paper.

Sungur [27] pointed out, pz1(C) and p1p (C)
respectively express directional dependence of V on Uand
directional dependence of U on V, where py1(C) =

VBN 115 (0 = YHEUIL by (©), o2 (©) € 10,11,

As can be seen from the definition that pyj; (C) measure
the part of the variation in V that is explained by U and
p12 (C)measure the part of the variation in U that is
explained by V, if py1 (C) > p1)2(C) , then it means that
U explains more change in V than V explains the change
in U.

Based on Jia. - Han Shih
improved the definition of the type of py;(C) and

Sungur’s  research,
P12 (C), and put forward the following two methods
of definition.

Definition 3.3. Let the random variable (U, V) have copula
C (U, V), according to Spearman’s p of the convolution copula
CT«C or Cx CT, the copula correlation coeflicient can be
defined as follows: py) (C) = p(CT*C) and p1p (C) =
p(CxCT).
where convolution is defined as follows:

1
(CT*C) (1, v) :f 9,CT (w, )0y (8, v) dt, u,v € [0,1]
0

Since Parsow et al. [31] proved that if C;,C, are
copula, then C1*Cy (u,v) is also copula, that is, the copula
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function is closed under convolution operation. Therefore,
the above definition indicates that the copula correlation
coefficient py|1 (C) p1)2 (C) is Spearman’s p of copula function
obtained after convolution operation of cT and C. Thus,
the calculation problem of the copula correlation coefficient
is transformed into Spearman’s p of convolution copula
function. According to the definition, if C is asymmetric,
then pop(C)  #
P21 (C) = p12(C).

According to the definition of Spearman’s p, we can obtain:

p112(C). If C is symmetrical, then

1 r1
pa)1 (O) = p(CT*C) = 1zf / cT*Cdudv — 3
0 Jo

1 1
p12 (O) = p(c*Ch) = 12/ / c*CTdudv — 3
0 JO

If the C is symmetrical, c’ = ¢ then P21 (C) =
12 ) fy CTsCdudv—3 = 12 [} [ CxCTdudv—3 = py)5 (O)..
There
is closed under

is no conclusion that the Archimedean copula
for an
itself
of Archimedean
p(C) =
P21 (C)  and
from  different
angles. Even for the FGM copula function closed under
convolution operation, that is, for the FGM copula,
CTxC and CxCT are still FGM copula, but the obtained
copula function and the original copula function have

in other words,
v),

same

convolution;
Archimedean copula C (u, convolving  with
the type
copula. The definition of Spearmans p is
12 fol fol Clu,v)dudv — 3,
p (C)are

is not necessarily
therefore,

two  dependent indicators

different parameters, and the dependence relationship is
also different.

The copula correlation coefficient gives us a way to
define the asymmetric correlation between variables, but,
for the general asymmetric copula function, expressions of
Cy (v) and C,(u) are very complex and difficult to calculate.
Therefore, the literature [31] presents a method to calculate
estimates of copula correlation coefficients using the quasi-
Monte Carlo simulation.

Estimation of the copula correlation
coefficient

Sungur [27, 33] mentioned that, if (U,V) is a random
vector with uniform edge distribution of [0,1] and copula
C, then in the case of given U = u, the conditional
distribution function of V is represented by Cy (V), and
then Cy(V) = P(V<v|U=u) IALY) - The
copula regression function of V on U can be expressed
with V\C/|U(“)’ and rg‘U(u) = Ec(VIlU=u) = 1 —
fy Cu(Vydv. Similatly, Cy (U) = PU<ulV=v) =

WD Gy ) = EcUIV=v = 1- [ CyU)dU,
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and then,

N [EUIV)} Var{ffjw(w}
P12 (©) = Var(U) - Var(U)

2
E[(’gw(") - %) ] 2
- . = 128 [(rglv ™) ] -3
vl

o = Yar[EVio)} Var[f%\u(”)l

P21 (©) = Var(V) - Var(V)

E [(rxclw (w) - %)2]

_ - = 12F [(r‘c,lU(u))z] _ 3

12

For asymmetric copula functions, Cy (V) and Cy (U)
calculations are complicated.

Kim and Kim [32] proposed the copula correlation
coefficient estimation method by using the method of
quasi-Monte Carlo simulation, and the

specific  steps

are as follows:

Step 1. First, the pseudo-Monte Carlo simulation method

is used to generate two independent random sequences on

[0.1], (uts -+ s un)s (Vi oo 5 vn).

Step 2. Analog data were used to calculate Cy (vy)

andCy (uy ),
aC(U,V,a)

Cu (vn) = Tl

AC(U, V,a)
,Cv (up) = ————|

V=v, aVv U=u,

Step 3. According to Cy (vy) and Cy (uy), the estimation
of the copulas regression function r%U (1) ’rICJ|V (v)can be
calculated; specific methods are as follows:

. R -
Wy )~ Ty 0 = 1= =3 Culid gy 0) % Ty ()
i=1

1
=1—- -
n

> Cylwy).

i=1

Step 4. The estimation of the copula correlation coefficient
was calculated according to the estimation of the copula
regression function.

12 < (.c 2 .
" Z (rU|V (”i)) = 3,021 X Py
i=1
12 2
==y (#0 o0) =3

i=1

P12 = ,51\2 =

The above is the method to estimate the copula correlation
coefficient. For the asymmetric copula function mentioned
in this paper, we can use the above method to estimate its
copula correlation coefficient so as to explain the asymmetric
correlation between variables.

The following is a static analysis of the correlation between
financial assets using the asymmetric copula function that is
introduced in Example 3.1. The specific steps are as follows:
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Step 1. First, the edge distribution of financial time series
is modeled. Since the fluctuation of financial time

series is characterized by time variation, aggregation,

skew, peak, and thick tail, we can choose ARCH,

GARCH, and SV models to describe the distribution

characteristics of financial time series to describe
the edge distribution.

Step 2. According to the GARCH model selected by the sample
data, the original time series is transformed by probability
integral, and the marginal distribution is transformed into
(0, 1) uniform distribution, and the transformed variables are
represented by (u, v).

Step 3. Parameter estimation and copula function selection.
First, the maximum likelihood estimation method is used
to estimate the parameter r in copula function from
three common Archimedean copulas, Gumbel, Clayton, and
Frank, and the copula with the best fitting degree is selected
by AI Cy.

Step 4. According to the tail distribution characteristics of the
copula selected in Step 3, the asymmetric copula function
with the same distribution characteristics is selected, and the
parameter estimates of the asymmetric copula function are
given according to the tail dependence coefficients of the
copula selected in Step 3.

Step 5. By calculating the copula function selected in Step 3 and
the square Euclidean distance between the asymmetric copula
function selected in Step 4 and the empirical copula function,
the goodness of fit between the two copula functions
was judged.

Step 6. Finally, according to the estimation methods of
copula correlation coefficients pyj; and pj|; that have been
introduced before, copulas correlation coefficient estimations
of the asymmetric copulas are calculated, which were selected
in Step 4, thus explaining the asymmetric correlation between

financial variables.

Static empirical analysis based on
asymmetric copula function

Data selection and statistical description

In order to analyze the relationship between the
Shanghai stock market and the Shenzhen stock market,
the Shanghai Composite Index and the Shenzhen Composite
Index are selected as the research objects (represented by
X1, X, respectively). The stock price is defined as the daily
closing price P;. The time span of sample selection is from 31
July 2015 to 27 September 2021, with a total of 1,500 valid data.
The data source is the Sina Securities network.

The return rate of assets Xjon the t trading day
Rjt = 100(In pn¢ — InPpt—1). The following is a correlation
analysis of the return rates Ry, Ry; of financial assets X1, X>.
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First, the statistical characteristics analysis table of return rates
is presented, as shown in Table 1. The data show that the return
rates of both the Shanghai Composite Index and the Shenzhen
Composite index are right-biased, and both show peaks. The
ADF test statistics are significant at the significance level of 0.01,
so both sequences are stationary.

Selection of edge sequence

Since the conditional distribution of financial time series
shows the distribution characteristics of wave aggregation, peak,
and thick tail, while t-distribution and GED distribution show
the distribution characteristics of the thick tail, the GARCH
model can well describe the fluctuation law of financial time
series. Therefore, GARCH-T or GARCH-GED can be selected
to describe the distribution characteristics of the peak, thick
tail, and fluctuation aggregation of financial time series. The
GARCH-t and GARCH-GED models were used to simulate
and analyze the sample data with R software. The simulation
result shows that the GARCH (1, 1)-t model can describe the
fluctuation rule of each return rate series well. The specific model
is as follows:

Ryt = eptyn=1,2,t=12,---,T
1
Ent = hnztgnt
hpt = Wy +01n3£,[_1 + ,Bnhn,t—l
(11:821) ~ C(Tyy (E11)5 Ty, (620))

where Ty, (-) and Ty,(-) express the normalized t-distribution
of mean 0, variance 1, the freedom degrees of v; and vy,
V1 ~ V2 ~

e~ ), [iE ~ ).
Parameter estimation results of the GARCH model with two

respectively, namely,

edge sequences are shown in Table 2.

According to the k-s probability value, it can be seen that,
by using the estimated conditional marginal distribution, the
sequence after the probability integral transformation of the
original financial time series can be considered to obey (0,
1) uniform distribution, indicating that the GARCH (1,1)-t
model can better simulate the marginal distribution of various
financial series.

Selection of copula model

The following is the correlation analysis of the two sequences
obtained after the probability integral transformation of the
original financial sequence using Clayton, Gumbel, and Frank
Archimedes copulas, respectively. The analysis results are
as follows:

The Akaike Information Criterion (AIC) is a standard to
measure the excellence of statistical model fitting. The smaller
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TABLE 1 Analysis of statistical characteristics of the return rate.

10.3389/fams.2022.1005956

Mean Standard deviation Skewness Kurtosis Range ADF test
Shangzheng —0.009855 1.611986 0.914784 4.51023 15.079 —11.041**
Shenzheng 0.001489 1.274330 1.114244 7.92333 14.427 —11.757**
" Means significant at the 0.01 level.
TABLE 2 Parameter estimation of the GARCH model.
u w o B \Y% Log K-S K-S
likelihood statistic probability
Shangzheng —0.06555 0.021780 0.065800 0.932980 4.36013 —2610.869 0.3372 0.024336
(—2.207)* (1.287) (3.14)** (39.468)*** (8.128)***
Shengzheng —0.014895 0.013206 0.084388 0.918962 3.91628 —2157.952 0.2510 0.026299
(—0.721) (1.891) (4.554)*** (55.402)*** (8.909)***
" Means significant at the 0.05 level,  means significant at the 0.01 level, ™" means significant at the 0.001 level.
TABLE 3 Parameter estimation of the copula function. TABLE 4 d? of C* (u,v) and Gumbel.
Function Parameter LogLikelihood AIC BIC Copula 42
Gumbel 0.2857 1321.95 —2641.89 —2636.58 Gumbel 0.0665
Frank 12.7 1221.16 —2440.31 —2435 Ci(u,v) 0.3930
Clayton 3.22 1042.52 —2083.03 —2077.72 C;(u, v) 0.1754
CGu, v) 0.0996
Cy(u,v) 0.0741
the AIC value is, the better the model is. Generally, the i) 0.0660
model with the smallest AIC is selected. Bayesian Information () o
Criterion (BIC) refers to BIC that is similar to AIC, which is c
7(1,v) 0.0640
used for model selection. The smaller the value, the better the c
5 (U, V) 0.0644
model is. o) 0.0649
i iteria in Ta 3, .
According to AIC and BIC criteria in Table 3, the Gumbel Cylur) 0.0653

copula is selected to describe the interdependence structure
between the Shanghai Composite Index and the Shenzhen
Composite index. According to the results of the analysis in
23,2y(a) = 2 — 2%, and according to 4-3,0 = 0.2857, so
Ay = 0.7810 ,A1 = 0, we can say that there is a strong upper
tail dependence between the Shanghai Composite Index and the
Shenzhen Composite Index.

Selection of asymmetric copula functions

As we know from the previous analysis, the return rates of
the Shanghai Composite Index and the Shenzhen Composite
Index have a strong upper tail dependence relationship.
Here, we select the asymmetric copula function with the
distribution characteristics of upper tail dependence for
analysis. According to the previous analysis, the asymmetric

copula C*(u,v) = ¢(3 371 hjn (0™  ()hja(¢~ (1)), where
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l —o
epCe1=01)e 1 e (1, 400), bt (x) = x2, b1 (x)

2

o(t) =
2x — x%,hlz(x) = 22 hp(x) = 2x — x
o (3™ @) P71 + @™ @) — (o ) )

Q=) — ((p_l(v))z))), and Gumbel copula are identical in
form with the tail-dependence function and the tail-dependence

, namely, C*(u,v)

coefficient, and, according to the previous discussion, the upper-
tail-dependence coefficient of C*(u, v) is AC =2 2%, and itis
identical in form with Gumbel copula. According to the analysis
results in 4.3, the upper- and lower-tail- dependence coefficients
0.7810 , AL = O,
) A(C]* and A[G] can be estimated by empirical tail-dependence

of Gumbel copula are, respectively, Ay =

functions and empirical tail-dependence coefficients. Therefore,
the value Ag can be used as an estimate of )»g*, namely,

1
2—2r =0.78,s07 = 3.5.
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In order to compare the advantages and disadvantages of the asymmetric copula provide convenience for a more accurate
asymmetric copula C*\, Gumbel copula in describing dependent description of the correlation between variables.
structures, the square Euclidean distance between asymmetric
copula C*, Gumbel copula, and empirical copula is calculated
respectively; the result is as follows: (and C} is the asymmetric COpUla correlation coefficient of the
copula function with « = i. For example, CT indicatesw = 1). asym metric copula
This is only the case where a = 1, 2... 10. It can be seen

from the Euclidean distance in Table 4 that when o = 5, 6, The biggest advantage of using the asymmetric copula
7, 8, 9, 10, the Euclidean distance between the asymmetric function to describe the interdependent structure of financial
copula C* and the empirical distribution function is smaller variables is that the asymmetric interdependent relationship
than that between Gumbel and the empirical distribution between financial variables can be explained by the copula
function, and that, when o = 6 and o = 7, d> minimizes. correlation coefficient.

Both equal 0.0640. The smaller the Euclidean distance is, the According to the discussion in 3.3, at first, the stochastic
higher the fitting degree of the original data is. Therefore, when simulation method is used to generate two independent random
describing the interdependent structure of financial variables, sequences (U, -, upn), (V1,- -+, vn)uj, vi€ [0, 1], for some fixed
asymmetric copula shows higher advantages than Archimedean U, and then calculateC*y (v;) = % | a— Since

1 1
CU V) =g (5 @) ()2 +5 (2000 = @ @)?) (20 ) — (o <v))2)) /We can get

ACH(U, V) (3er e +1 (2= 302 @) (000 — 9% 01))) (~In (7 +u— ™)) exp(—a (1 = 97)

. 1 r—1
o V=i (x(I—9)r) (e *+u—ue9)

. ¢
My )~y ) =1- - > Cu)
i=1
n

N 1 ¢ N 12 : 2
Gy 0~y ) = 1= =3 Cvlwpan ~ oy = — 3 (Fu o) =3

i=1 i=1
copula. In addition, the asymmetric copula function can also where r = 3.5; the result can be obtained by Matlab,
describe the asymmetric interdependent structure between 702|1 = 0.3536. This result shows that 35.36% of
variables, and more truly reflect the interdependent relationship the changes in the Shenzhen Composite Index can be
between variables. explained by the copula regression on the Shanghai
According to the above analysis, the upper-tail-dependence Composite Index.
coeflicient of the asymmetric copula is only related to parameter The same method should be used to calculate Doy First, for
r. The larger the value of r is, the larger the value of some fixed V, we calculated Cf, (uj) = %'U— ur
- "
3 3 —o —o r—1 1
ICHUL V) (¢ @+ (20 @) —¢> @) A=@on) (~In (e +v—rve ) exp(-a -5
— 1\r—1
v U= (a(l —5)7) (e +v—ve™®)
§ 1 & B 12 o [ 2
iy ) =1 =3 Cvlwp=— (r%}w (w)) -3,
i=1 i=1
wherer = 3.5,
A—nr)—e
exp(—al—tr)—e In(e=® +t—te=®) "
o (1) = = =1 (-2 )
1—e ¢ o
the tail-dependence coeflicient will be. Therefore, we can say Using Matlab to calculate available ,51‘ , = 08450,
that parameter R is a parameter representing the strength of the results show that changes in the Shanghai index,
tail dependence. In addition, the Euclidean distance between 84.5% of the part can be explained by the Shenzhen index
the copula function and the empirical copula function can be on the Shenzhen index Copula regression. The different
changed by changing the parameter o, and the empirical copula values of ﬁhfz b i illustrate the different relationships
can reflect the overall dependence pattern of the data. Therefore, between the Shanghai index and the Shenzhen index. It
it can be said that the parameter a is the parameter representing provides conditions for correctly describing the dependence
the overall dependence structure. The different parameters of between variables.
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Time-varying analysis based on the
asymmetric copula function

Because the correlation between variables will change with
the change of time, scholars have conducted a lot of research
on the dynamic copula model, and some results have been
obtained. Deng [34] gave the estimation of Var based on
a time-varying copula. Wei and Zhang [35] analyzed the
correlation mode and dynamic correlation structure among
financial markets, respectively, based on the copula theory
and the time series model. Wang et al. [36, 37] analyzed
the time-varying correlation model and the variable structure
correlation model between financial assets based on Spearman’s
p respectively. However, the symmetric Archimedean copula
and elliptic copula were used in most previous analyses. In this
paper, we used the asymmetric copula function to analyze the
time dependence of variables.

The basic idea of time-varying analysis is to determine
the evolution process of the population parameter, according
to the dynamic evolution process of the dependent indexes
and the
and the
analysis,

correspondence between the dependent indexes
population parameter. According to the previous
the upper-tail-dependence coefficient Ay(r) =
2 — 2%, and the lower-tail-dependence coefficient Ay =
0 for the asymmetric copula C*. Since there is a one-
to-one correspondence between the upper-tail-dependence
coefficient and the population parameter r, this paper uses
the dynamic evolution process of the upper-tail-dependence
coefficient to analyze the time variation of asymmetric
copula C*.

Improvement of the dynamic evolution
process of the upper-tail-dependence
coefficient

Patton [38] was the first to study the time-dependent copula
model and proposed that the dynamic evolution process of the
parameter p of the binary normal copula function could be
described by an equation similar to ARMA (1, 10). For tail-
dependence coefficients, the commonly used dynamic evolution
equation is as follows:

Ay =
Ao

Alyu + ﬂU/\%_l +ayWm)
Alyp + Bk +ar W)

6-1
(5-2)

In the above equation, the function A(:) is the logistic
1
I4e*"
why A (x) is defined is to ensure that the upper-tail correlation

transformation function, defined as A (x) = The reason

coefficient and the lower-tail correlation coefficient are in the
interval of (0, 1) at any time. The right side of the equation
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includes an autoregressive term and an exogenous variable Wy,.
There are two common forms of the exogenous variable at

present: one is Wy, = éZ?:l ‘um_j = Vm—j|» another is

W = % Z?:l Um—jvm—j; q means the lagging term, where
W is the mean of the absolute value of the difference between
u; and v; in the lagging q period, and W', is the mean of
the product of dependent random variables u; and v; in the
lagging q period. If X and Y are positively correlated, U and V
are probability integral transformations of X and Y, so U and
V are also positively correlated; therefore, the variable will be
the main diagonal on the unit square, because |us — v¢|, and
the point (u,v¢) is proportional to the main diagonal of the
shortest distance. Therefore, W,y selects the mean of the absolute
value of the difference between u; and v;in the lag q period as an
exogenous variable, and because the tail-dependence coeflicient
describes the dependence relationship of variables at the extreme
value, so W’',,_m selects the mean of the product of two
dependent variables in the lag q period as an exogenous variable.

The dynamic evolution process of the tail dependence
coeflicients above describes the local evolution process of the
copula function model to a certain extent. The autoregressive
term on the right-hand side of the equation can explain the
sustainability of the tail distribution, but in the process of
exogenous variables calculation, only using the lag q period data.
These data are not necessarily tail data, and the evolution process
of the upper tail and the lower tail is uniform in form, so it is not
very good to reflect the tail data influence on the tail-dependence
coeflicient based on this idea. This paper attempts to improve the
above evolution equation into the following form:

M = Ay + Bur, +a,w,Y) (5-3)
ME = Ay + B0+ WD (5—4)

The function A (-) is still the logistic transformation

function, defined as A (x) = H_e%x

W, = 1243 [ = Vm—jU(umfj > 2t > §>’
q 4 4

j=1
1
4

Equation 5-3 represents the dynamic evolution equation

q
s 1 1
WmL = 6 E |um—j - Vm—j| I (um—j < Z»Vm—j <
=1

of the upper-tail-dependence coefficient, and Equation 5-4
represents the dynamic evolution equation of the lower-tail-
dependence coeflicient.

Exogenous variables can also be taken in the following form:

e 3 3
W, = aZum,jvm,jl Um—j > Z,vm,j > 2

j=1
q
* 1 1 1
WmL = - Zum,jvm,jl (Hm—j < Z,vm,j < Z)
j=1
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In an exogenous variable expression, an indicator function

1,
3 um_~>é vm_~>§
I upei>—Vvp—i>—-|)= U ] 4
(m] m—j 4) 0,
else
1,

1 1
Um—j < 1> Vm—j < 7
else

By multiplying the indicator function, we can better
characterize the dynamic distribution of the variable in the tail.

Here, we still take asymmetric copula C* as an example to
conduct a dynamic analysis of the correlation between financial
assets. The analysis steps are as follows:

Step 1. First, the edge distribution of financial time series

is modeled.

Step 2. According to the GARCH model selected
by the sample data, the original time series is
transformed by probability integral, and the marginal
distribution is  transformed into (0, 1) uniform
distribution, and  the transformed  variables are

expressed by (U, V).

Step 3. The statistics of the upper-tail-dependence coefficient
should be calculated according to the sample data, and
the upper-tail-dependence coefficient sample statistics are
as follows:

950 3 3
Zi:m1<”i > vi> Z)

950 3
Zi:m I (u,- > Z)

2V

,m=1,2,---,900

Step 4. According to the sample data distribution obtained in
Step 3, the parameters of the following four dynamic evolution
equations are calculated.

Aim = A (Vlu + ﬂlu)‘lmfl +a1uwlm>

1
where WT},{ =3 Z‘?zl |um—j — vm—j| I (um_j > %,‘Vm—j > % );

)‘;% =A <y2*u + ﬂ;uk;%A + a;u Wiknl{)

where W;‘r(n] = %quzl Um—jVim—jl (um_j > %’Vm—j > % );
)»Fm =A(u + ﬂlukf]m_l + alleUm)

where WlUm = cho Z]qil ’um,j = Vm—j |s

Ay = AU + Bour Y1 +a2u W)
1 110( :
7§: P

=1

u _
where Wy, =
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Improved dynamic evolution equation, the exogenous

variables of considering only the tail u; > %,vi >
% ; thus, the amount of data involved in calculating

reduces; in order to improve the fitting accuracy, the lag
period q of the improved dynamic evolution equation of
the lag period is chosen to 20, and the lag periods of
the original dynamic evolution equation, in general, are
chosen to 10.

Step 5. A4 is estimated according to the obtained dynamic
evolution equations, and the square root of the mean square
error is calculated for the estimated values and sample values of
the four evolution equations.

1

RMSE = (% > (x— )\)2)5. The advantages and
disadvantages of four kinds of dynamic evolution equations are
judged. In this paper, the dynamic evolution equation, which
minimizes the square root of the mean square error, is selected
for further analysis.

Step 6. Finally, by using the selected dynamic evolution
equation, according to the one-to-one correspondence between
the upper-tail-dependence coefficient and the population
parameter, the estimated value of the population parameter
is obtained so as to dynamically analyze the dependence
relationship between the Shanghai Composite Index return rate
and the Shenzhen Composite Index return rate.

Empirical analysis

The Shanghai Composite Index and the Shenzhen
Component Index are still selected as research objects
(represented by X; and Xj, respectively). Stock The stock price
is defined as the daily closing price Pt,. The time span of sample
selection is from 31 July 2015 to 27 September 2021, with a
total of 1,500 valid data. The return rate of financial asset X;
on the t trading day Rjy = 100 (In Pyt — InPps—1). According
to the previous analysis, the GARCH (1,1) -t model can be
used to describe the probability distribution of each return rate
series. The GARCH (1,1) -t model can be used to describe the
probability distribution of each return rate series. The sequence
(uj, v;) is obtained by the probability integral transformation of
the original sequence X; and Xp,i=1,2,---,1,500.

1. The sample sequence (u;,v;) should e selected, i =
1, 2,---,900, and the statistical value of the upper- tail-
dependence coefficient AY should be calculated by using the
statistics defined in Step 3, as shown below:

900 3 3
ZiZmI(u,- > 5,V > Z)

AV =
STRICES)

where the numerator and the denominator are sliding window

M= 1’2"..

data. In the above equation, the maximum value of m is 850.
In the definition of 5.1 AU, the maximum value of m is 900.
The reason for this choice in the paper is that it is found in the
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FIGURE 1
A dynamic diagram of upper- tail-dependence coefficients statistics.
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data analysis process that, if the maximum value of m is selected
as 850, the advantages of describing the dynamic dependence
relationship between variables are more obvious according to
the improved dynamic evolution equation. In order to fully
demonstrate the advantages of the improved dynamic evolution
equation in theory and practice, the maximum value of m is
selected as 850 in the empirical analysis.

According to Figure 1, AUincreases with the increase of
m, indicating that, for the sample sequence (u;j,v;),i
1, 2,---,900, the larger the m is, the further the position
of the sliding window is, the further the data involved in

the calculation are, and the smaller the amount of data is.
At this point, when (ui > %),i = m,m + 1,---, 900, the

number of (v,- > %) also increases. As shown in Figure I,

the statistical value of AU reaches the maximum when the
sliding window is located at m = 700, indicating that, under
the conditions of (u,' > %) N 700, 701,---, 900. The

number of data that simultaneously satisfies (v; > %) is
largest. Through calculation, it is found that the statistical
values of AU swing around 0.8. In the previous static
analysis of the Shanghai Composite Index and the Shenzhen
Component Index, the estimated value of the upper-tail-
dependence coefficient is 0.7809863, close to 0.8. Therefore,
the estimated value of the upper-tail-dependence coefficient in
the static analysis is basically consistent with the results of the

dynamic analysis.
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2. The estimated values of the four model parameters are
obtained using the statistics of A%, as shown in the
table below:

3. The four dynamic evolution equations were used to estimate
the upper-tail-dependence coefficients, and the square root
of the mean square error (RMSE) of the estimated value and
the sample value were calculated. RMSEs were expressed as
dT, d;‘, dy, d, respectively. The calculated results are shown
in the following table:

It can be seen from the table that the RMSEs of the two
improved dynamic evolution equations are both smaller than
that of the original dynamic evolution equation, indicating
that the improved dynamic evolution equation can more
accurately depict the dynamic evolution process of the upper-
tail-dependence coeflicient compared with the original dynamic
evolution equation.

In fact, according to the values of (u;,v;), it can be seen
that some pairs of (u;,v;) do not belong to the upper tail
data. It is obviously not appropriate to calculate the upper-tail-
dependence coeflicients directly based on all values of (u;, v;).
It is theoretically more feasible to select the upper-tail data
by multiplying the function of expression to calculate the
upper-tail-dependence coefficients. According to Table 9, df is
3% 10~ Ssmaller than dy, and d; is 2 x 10> smaller than dy,; the
difference is relatively small. The reasons for the small difference
are as follows: (1) By multiplying the exogenous variable by an
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TABLE 5 Parameters estimates of the time-varying model for the
upper-tail-dependence coefficients 114 .

* * *
Y1u ﬂlu %1y

—4.4017 7.2317 —0.7593

TABLE 6 Parameters estimates of the time-varying model for the
upper-tail-dependence coefficients 1,2 .

* * *

You 'B2u %o

—4.4176 7.2491 —0.0255

TABLE 7 Parameters estimates of the time-varying model for the
upper-tail-dependence coefficients xfm.

Yiu By o

u

—4.4799 7.3085 0.1007

TABLE 8 Parameters estimates of the time-varying model for the
upper-tail-dependence coefficients x;’m.

You ﬂ2u %u
—4.4183 7.2501 —0.0141
TABLE 9 RMSE values of estimated values and sample values.
ot ot
RMSE dl d2 d; dy
2.66 x1073 2.68 x1073 2.69 x1073 2.70 x1073

explicit function, the value of the exogenous variable will be
smaller than that of the original exogenous variable; however,
according to Tables 5-8 it can be seen that the absolute values
of the coefficient o, and o, of the exogenous variable in the
improved dynamic evolution equation increase. Therefore, after
multiplying the improved exogenous variable and its coefficient,
the larger and smaller parts will cancel each other. There
is not much difference between d;k and d; (i =1,2) on the
surface. (2) The difference between d;‘ and d; (i = 1, 2) becomes
smaller due to a large amount of data. Although the difference
between d;k and d; is not large, theoretically, the improved
dynamic evolution equation is more reasonable, and the value
of df is smaller, and the dynamic evolution process of the
tail-dependence coeflicient can be described more accurately.
In addition, among the two improved dynamic evolution
equations, the RMSE corresponding to the exogenous variable
Wi"fr{ is smaller than that corresponding to the exogenous
variable W3V,
the exogenous variable WT}V{ . However, according to Table 9, the

indicating that it is more appropriate to choose
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difference between dj and dj is very small. It shows that there
is no significant difference between the two types of exogenous
variables in the dynamic analysis of the Shanghai Stock index
and the Shenzhen Stock index.

4. The selected dynamic evolution equation should be used to
calculate the estimated value of A*and draw the dynamic
evolution diagram of the estimated value and the sample
value, as shown in the figure below:

As can be seen from Figure 2, the estimated value and
the sample value calculated by using the dynamic evolution
equation are highly consistent in both trends and fluctuation,
which fully demonstrates that dynamic evolution Equation 5-
3 can accurately depict the dynamic evolution process of the
upper-tail-dependence coefficient.

5. According to the correspondence between the upper-tail-
dependence coefficient A*and the population parameter r,
AE(r) = 2 — 2%, the dynamic estimate of the population
parameter r is obtained, as shown below Figure 3.

Conclusion

In the correlation analysis of financial assets, symmetric
Archimedes copula and elliptic copula functions are mostly
used for analysis, and the dependence indicators between
variables are also mostly symmetric, which does not conform
to the relationship characteristics between financial assets.
Based on this, this paper tries to conduct static and
dynamic analyses on the correlation of financial assets
based on the asymmetric copula. In the static analysis,
through the comparative analysis of the asymmetric copula
function and the Gumbel copula function, it is found that
the asymmetric copula function has more advantages in
depicting tail dependence between financial assets. Furthermore,
this paper also introduced the concept of the asymmetric
copulas correlation coefficient. For the asymmetric copula
function, copula correlation coefficients pj; and py); are
not equal; and asymmetric dependence between variables can
be explained by the copula correlation coefficient, which
also shows the great advantages of the asymmetric copula.
In the dynamic analysis, the traditional dynamic evolution
equation is improved through the empirical analysis, which
shows that the improved dynamic evolution equation more
accurately portrays the tail-dependence dynamic evolution
process, since there is a one-to-one correspondence between
the upper-tail-dependence coefficient A* and the population
parameter; according to the dynamic evolution equations
of A¥, the population parameter can be estimated. Thus,
the interdependence between financial assets is analyzed
asymmetrically and dynamically.

Through empirical analysis, it can be seen that asymmetric
copula has more advantages in describing the dependence

frontiersin.org
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FIGURE 2
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relationship between financial assets compared with the
commonly used Archimedean copula. The asymmetric copula
is more suitable for the dependence structure between financial
variables. However, for asymmetric copula function, it is
difficult to estimate the parameters due to the complex
form. In this paper, the Archimedean copula is first used
to analyze the correlation between the Shanghai Stock index
and the Shenzhen Stock index, and the empirical dependence
coefficient of the tail is used to estimate the parameters of
the asymmetric copula. Therefore, the asymmetric analysis is
developed on the basis of the symmetric analysis. Although
the asymmetric copula function is superior to the symmetric
copula in application, it is difficult to make further progress
in asymmetric copula analysis without some conclusions
obtained from symmetric copula analysis. The analysis of
asymmetric dependence between variables is one of the
advantages of the asymmetric copula, but the calculation
of the asymmetric dependence coeflicient defined on the
basis of the asymmetric copula is more difficult. In this
paper, the method of Monte Carlo simulation is used to
estimate the dependence coefficient. Therefore, how to estimate
the parameters and calculate the dependence coefficient of
asymmetric copula more easily is the problem to be studied in
the following paper.
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