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ABSTRACT

This paper develops a new unified approach to copula-based modeling and characterizations for time series
and stochastic processes. We obtain complete characterizations of many time series dependence structures in
terms of copulas corresponding to their finite-dimensional distributions. In particular, we focus on copula-
based representations for Markov chains of arbitrary order, m—dependent and r—independent time series as
well as martingales and conditionally symmetric processes. Our results provide new methods for modeling
time series that have prescribed dependence structures such as, for instance, higher order Markov processes
as well as non-Markovian processes that nevertheless satisfy Chapman-Kolmogorov stochastic equations. We
also focus on the construction and analysis of new classes of copulas that have flexibility to combine many
different dependence properties for time series. Among other results, we present a study of new classes of cop-
ulas based on expansions by linear functions (Eyraud-Farlie-Gumbel-Mongenstern copulas), power functions
(power copulas) and Fourier polynomials (Fourier copulas) and introduce methods for modeling time series
using these classes of dependence functions. We also focus on the study of weak convergence of empirical
copula processes in the time series context and obtain new results on asymptotic gaussianity of such processes

for a wide class of S—mixing sequences.
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1 Introduction
1.1 Objectives and key results

The present paper develops a new unified approach to copula-based modeling and characterizations for time
series and stochastic processes. Among other results, we obtain complete characterizations of a number
of time series dependence structures in terms of copulas corresponding to their finite-dimensional distribu-
tions. In particular, we focus on copula-based representations for Markov chains of arbitrary order as well
as m—dependent and r—independent time series. The results presented in the paper provide new methods
for modeling time series having prescribed dependence structures such as, for instance, higher order Markov
processes as well as non-Markovian processes that nevertheless satisfy Chapman-Kolmogorov stochastic equa-
tions. We also focus on the construction and analysis of new classes of copulas that have flexibility to combine
many different dependence properties for time series. In particular, we present a study of new classes of cop-
ulas based on expansions by linear functions (Eyraud-Farlie-Gumbel-Mongenstern copulas), power functions
(power copulas) and Fourier polynomials (Fourier copulas) and introduce methods for modeling time series
using these classes of dependence functions. The paper also considers the problem of weak convergence of
empirical copula processes in the time series context and presents new results on asymptotic gaussianity of

such processes for a wide class of F—mixing sequences.

1.2 Discussion and relation to the literature

In recent years, a number of studies in economics, finance and risk management have focused on dependence
measuring and modeling as well as on testing for serial dependence in time series. It was observed in several
studies that the use of the most widely applied dependence measure, the correlation, is problematic in many
setups. For example, Boyer, Gibson and Loretan (1999) reported that correlations can provide little informa-
tion about the underlying dependence structure in the case of asymmetric dependence. Naturally (see Blyth
(1996) and Shaw (1997)), the linear correlation fails to capture nonlinear dependencies in data on risk factors.
Embrechts, McNeil and Straumann (2002) presented a rigorous study of the problems related to the use of
correlation as measure of dependence in risk management and finance. As discussed in Embrechts, McNeil and
Straumann (2002) (see also Hu (2001)), one of the cases when the use of correlation as measure of dependence
becomes problematic is the departure from multivariate normal and, more generally, elliptic distributions. As
reported in Shaw (1997), Ang and Chen (2002) and Longin and Solnik (2001), the departure from Gaussianity
and elliptical distributions occurs in real world risks and financial market data. Some of other problems with
using correlation is that it is a bivariate measure of dependence and even using its time varying versions,
at best, leads to only capturing the pairwise dependence in data sets, failing to measure more complicated
dependence structures. Also, the correlation is defined only in the case of data with finite second moments

and its reliable estimation is problematic in the case of infinite higher moments. However, as reported in a



number of studies (see, e.g., the discussion in Loretan and Phillips (1994), Cont (2001) and Ibragimov (2004,
2005) and references therein), many financial and commodity market data sets exhibit heavy-tailed behavior
with higher moments failing to exist and even variances being infinite for certain time series in finance and
economics.! Several approaches have been proposed recently to deal with the above problems. A number of
papers have focused on statistical and econometric applications of mutual information and other dependence
measures (e.g., Golan (2002), Golan and Perloff (2002), Massoumi and Racine (2002), Miller and Liu (2002),
Soofi and Retzer (2002) and Ullah (2002) and references therein). Several recent papers in econometrics
(Robinson (1991), Granger and Lin (1994) and Hong and White (2000)) considered the problems of estimat-
ing entropy measures of serial dependence in time series. In a study of multifractals and generalizations of
Boltzmann-Gibbs statistics, Tsalis (1988) proposed a class of generalized entropy measures that include, as a
particular case, the Hellinger distance and the mutual information measure. The latter measures were used
by Fernandes and Flores (2001) in testing for conditional independence and noncausality. Another approach,
which is becoming increasingly popular in econometrics and dependence modeling in finance and risk manage-
ment is the one based on copulas. Copulas are functions that allow one, by a celebrated theorem due to Sklar
(1959), to represent a joint distribution of random variables (r.v.’s) as a function of marginal distributions.
Copulas, therefore, capture all the dependence properties of the data generating process. In recent year,
copulas and related concepts in dependence modeling and measuring have been applied to a wide range of
problems in economics, finance and risk management (e.g., Taylor (1990), Fackler (1991), Frees, Carriere and
Valdez (1996), Klugman and Parsa (1999), Patton (2000), Richardson, Klose and Gray (2000), Cherubini and
Luciano (2001), Hu (2001), Reiss and Thomas (2001), Cherubini and Luciano (2002), Granger, Terasvirta and
Patton (2002), Miller and Liu (2002), Patton (2002), Embrechts, Lindskog and McNeil (2003) and Rosenberg
(2003)). In particular, Patton (2000) studied modeling time-varying dependence in financial markets using
the concept of conditional copula. Patton (2002) applied copulas to model asymmetric dependence in the joint
distribution of stock returns. Hu (2001) used copulas to study the structure of dependence across financial
markets. Miller and Liu (2002) proposed methods for recovery of multivariate joint distributions and copulas
from limited information using entropy and other information theoretic concepts. Hennessy and Lapan (2002)
used Archimedian copulas for modeling portfolio allocations. Cherubini and Luciano (2002) and Rosenberg
(2003) applied bivariate copulas in the analysis of option pricing problems. Williamson and Downs (1990),
Denuit, Genest and Marceau (1999), Durrleman, Nikeghbali and Roncalli (2000), Cherubini and Luciano
(2001), Taylor (2002) and Embrechts, Hoeing and Juri (2003), among others, used Fréchet-Hoeffding inequal-

ities for copulas and their analogues for cdf’s to obtain distributional bounds for functions of dependent risk

LA number of frameworks have been proposed to model heavy-tailedness phenomena, including stable distributions and their
truncated versions, Pareto distributions, multivariate t—distributions, mixtures of normals, power exponential distributions,
ARCH processes, mixed diffusion jump processes, variance gamma and normal inverse Gamma distributions (see Cont (2001)
and Ibragimov (2004, 2005) and references therein). The debate concerning the values of the tail indices for different heavy-tailed
financial data and on appropriateness of their modeling based on certain above distributions is, however, still under way in
empirical literature. In particular, as discussed in Ibragimov (2004, 2005), a number of studies continue to find tail parameters
less than two in different financial data sets and also argue that stable distributions are appropriate for their modeling.



and estimates for VaR quantities. Bouyé, Gaussel and Salmon (2002) used copulas in modeling nonlinear au-
toregressive time series. Gagliardini and Gourieroux (2002) considered copula-based time-series models with
constrained nonparametric dependence. An approach based on concepts closely related to copulas was applied
by Lee (1982, 1983) in the analysis of econometric models with selectivity and by Heckman and Honoré (1989)
in the study of competing risks models.

Measures of dependence and copula-based approaches to dependence modeling are two interrelated parts
of the study of joint distributions of r.v.’s in mathematical statistics and probability theory. A problem
of fundamental importance in the field is to determine a relationship between a multivariate cumulative
distribution function (cdf) and its lower dimensional margins and to measure degrees of dependence that
correspond to particular classes of joint cdf’s. The problem is closely related to the problem of characterizing
the joint distribution by conditional distributions (see Gouriéroux and Monfort (1979)). Remarkable advances
have been made in the latter research area in recent years in statistics and probability literature (see papers
in Dall’Aglio, Kotz and Salinetti (1991), Benes and Stépan (1997) and the monographs by Joe (1997) and
Nelsen (1999)).

One should note that, so far, most of the studies have focused on the analysis of copulas and dependence
measures only in the bivariate case and only a few papers have considered the problems in copula theory in
the time series context. A drawback of the approach based on bivariate copulas and dependence measures
is that, similar to the case of linear correlation, it can capture, at best, only pairwise dependence patterns
and can not be used in the case of more complicated dependence structures. It is evident, however, that the
dependence characteristics of real data sets can be far more general than those determined by pairs of variables.
For example, the behavior of financial indices across markets is interrelated and is affected by a number of
factors common to all of the markets. Modeling dependence in financial markets on the base of bivariate
copulas, without considering dependence patterns for more than just two of financial indices might be quite
a simplification. Furthermore, estimation procedures for copulas developed in the context of independent
observations of random vectors can not be used in the analysis of time series dependence characteristics.

The problems of copula theory and its applications in the multivariate and time series context have
been considered, in particular, in the following papers. Joe (1987, 1989) proposed multivariate extensions
of Pearson’s coefficient and the Kullback-Leibler and Shannon mutual information. Nelsen (1996) consid-
ered measures of multivariate association generalizing bivariate Spearman’s rho and Kendall’s tau. Darsow,
Nguyen and Olsen (1992) obtained characterizations of first-order Markov chains in terms of copula functions
corresponding to their two-dimensional distributions. Chen and Fan (2004a, b) considered parametric copula
estimation procedures for time-series based on bivariate copulas and applied the results in the problems of
evaluating density forecasts. Recently, de la Pefia, Ibragimov and Sharakhmetov (2003) obtained general
U —statistics-based representations for joint distributions and copulas of arbitrary dependent r.v.’s. As a

corollary of the results, de la Pena, Ibragimov and Sharakhmetov (2003) derived new representations for mul-



tivariate divergence measures as well as complete characterizations of important classes of dependent r.v.’s
that give, in particular, methods for constructing new copulas and modeling different dependence structures.

In this paper, we develop complete characterizations of a number of time series dependence structures in
terms of copulas corresponding to the finite-dimensional distributions of the processes in consideration. In
particular, we focus on the problems of characterizations and modeling for Markov processes of an arbitrary
order as well as for m—dependent and r—independent time series (Theorems 1-3 and Corollary 1). The results
obtained in the present paper provide new methods for modeling time series that exhibit prescribed dependence
structures including, for instance, higher order Markov processes as well as non-Markovian processes that
nevertheless satisfy Chapman-Kolmogorov stochastic equations (see the discussion at the beginning of Section
3).

Our results give solutions to a number of problems of combining different dependence structures. In partic-
ular, we consider the problems of characterization and modeling for Markov processes that satisfy additional
dependence assumptions such as the problems of combining higher order Markovness with m—dependence,
r—independence or martingaleness (Theorems 2-4). We also focus on the construction and analysis of new
classes of copulas that have flexibility to generate different dependence structures for time series. In particular,
in Sections 4 and 5, we present a study of different classes of copulas based on expansions by orthogonal func-
tions, such as linear functions (Eyraud-Farlie-Gumbel-Mongenstern copulas), power functions (power copulas)
and Fourier polynomials (Fourier copulas). These results give new methods for modeling time series having
prescribed general dependence structures (such as, e.g., higher order Markov and diffusion processes) and
arbitrary one-dimensional margins via inversion of finite-dimensional cdf’s of known examples of dependent
time series (see the discussion at the end of Section 2). They also allow one to model and study time series
with flexible dependence properties, such as, for instance, non-Markovian processes that nevertheless satisfy
Chapman-Kolmogorov stochastic equations or Markov processes of higher order exhibiting r—independence
or m—dependence properties.

We also present an analysis of applicability and limitations of different classes of copulas in time series
modeling. We study dependence properties of time series based on bivariate and multivariate Eyraud-Farlie-
Gumbel-Mongenstern copulas as well as their more general analogues, including power copulas and copulas
based on products of nonlinear functions of the arguments. In particular, we focus on conditions on copulas
under which copula-based time series with prescribed dependence properties reduce to jointly independent
processes. Among others, we obtain impossibility/reduction-type results that show that time series based on
such copulas that simultaneously exhibit Markovness and m—dependence or r—independence properties are,
in fact, sequences of independent r.v.’s (Theorems 5 and 6 and Corollaries 2-4).

Finally, in Section 6, we focus on the study of weak convergence of empirical copula processes in the time
series context and obtain new results on asymptotic gaussianity of such processes for a wide class of f—mixing

sequences.



1.3 Organization of the paper

The paper is organized as follows. Section 2 presents the main results of the paper on copula-based time series
characterizations and modeling. Among other results, it provides representation results for Markov processes
of arbitrary order as well as discusses copula inversion methods for their construction. Section 3 focuses on
applications of the main results obtained in Section 2 to the problems of combining different dependence
properties in time series and stochastic processes. Section 4 presents new reduction and impossibility results
for Markov processes that provide conditions under which copula-based dependent time series reduce to
sequences of independent r.v.’s. Section 5 introduces new classes of copulas that provide a flexible framework
for modeling time series exhibiting prescribed dependence patterns. In Section 6, we focus on the study of
weak convergence of empirical copula processes in the time series framework and present new results on their
asymptotic gaussianity for a wide class of f—mixing sequences. Appendix Al reviews the definition and
discusses the main properties of copula functions, together with their examples. In particular, the appendix
discusses the U—statistics-based copula characterizations and representations obtained recently by de la Pena,
Ibragimov and Sharakhmetov (2003). These representations provide the key to obtaining copula-based time
series characterizations developed in the present paper. Appendix A2 contains the proofs of the results derived

in the paper.

2 Main results: Copula-based time series characterizations

This section of the paper presents our main results on copula-based modeling and characterizations for time
series models and stochastic processes. We obtain complete characterizations of a number of time series depen-
dence structures in terms of copulas corresponding to their finite-dimensional distributions. In particular, we
focus on copula-based representations for Markov chains of arbitrary order, m—dependent and r—independent
time series.

For the definition of copulas and a review of their basic properties the reader is referred to Appendix Al.

Throughout the paper, we focus on processes that have absolutely continuous finite-dimensional copulas
and, in particular, have continuous one-dimensional cdf’s. However, all the results obtained in the paper can
be easily generalized to the case of copulas which are not necessarily absolutely continuous and to the case of
processes consisting of discrete r.v.’s.

Let m,n >k > 1. Let A and B be, respectively, m— and n—dimensional copulas such that

A(ulv"'vum—kvgla"'agk) :8(517...7£k77}m+1,...,’Un) :C(Ela"'agk)a (1)

u;=1,i=1,....m—k u;=1,i=k+1,...,n
& €00,1], i = 1,...,k, where C is a k—dimensional copula (relation (1) means that copulas A and B are
compatible in the sense that a k—dimensional margin of A is the same as a k—dimensional margin of B, see

Joe (1997) and Nelsen (1999) for more on compatibility of copulas).



Let V4, ...,V and Wy, ...,W,, be r.v.’s with joint cdf’s A and B (see Definition 5 in Appendix A1). De-
note by A17,,,)m‘m,k+1)m,m(u1, o U=, €15 s &) = PV < ugy ooy Vi < Un—| Vin—gt1 = &1y -0y Ve = &k)
and By 1, k(615 o &y Uma s oo Umgn—k) = PWig1 < gty oo Wingn—k < Umgn—k < Umin—i|W1 =
&1, ..., Wy = &) the conditional analogues of the copulas A and B. Further, define the +*—product of the
copulas A and B, D = A«* B: [0,1]™*t"~% — [0,1] via the relation

Um —k+1 Um,
D(u1, ., Umngn—k) =/ / Av ekt 1,m (U e Uy €1, oo, §1) X
0 0
Bl,...,n\l,...,k(gla EEES) gka UmA4-1y +++» um+n—k)c(d£13 [RX) dfk) (2)

The x* —operator is a generalization of the star x—operator considered in Darsow, Nguyen and Olsen (1992,
hereafter DNO); the x—operator in DNO is a particular case of its x*—analogue with k¥ = 1 (see Appendix
A1). Similar to the case of k& =1 in DNO, one can show that the operator ¥ is associative, distributive over
convex combinations and continuous in each place (but not jointly continuous).

In the case when A(vy,...,v,,) and B(vy, ..., v,) are absolutely continuous copulas with densities

am+n7kD(Ulv---7vvn+n7k) denOteS

O™ A(v1,..,Um) and 9" B(v1,..-,Un)
OV1...0Um4n—k

Ov1...0Um Ovy...0vy,
the density of the copula D = A «* B):

, relation (2) is equivalent to the following (here,

am+nikD(vlﬂ s 'Um+nfk) _ amA(Ul, vy Um—ky Um—Kk415 -+ Um)

X

0v1...0Vm 4 n—k dvy...0v,,
8"B(Um,k+1, ooy Uy U415 ey uernfk) /akc(umkarlv ey ’me)
Ovy...0v, Ovy...0v ’

or, equivalently,

8m+n_kD(U1, ey Um+n—k) akC(um_k-i-h ceey Um)

8v1...8vm+n—k 8v1...8vk
O™ AU, eeey Upn— oy Urn— ket 1 -, Uy . O" B(Upn— k15 -es Uy U1 s -, Urntn—k )
Ovy...0v, Ov...0v, '

Let T C R. The processes considered throughout the paper are assumed to be real-valued and continuous

and to be defined on the same probability space (2, S, P).

Definition 1 A process {X;}ier is called a Markov process of order k > 1 if, for all t; < ... < tp—p <

kg1 < oo < ln,

P(Xy < xy| Xy, Xo, 0, Xo X)) = P(Xe < x| Xon s n Xt (3)

n—k+4+17°

The following theorem provides a complete characterization of Markov processes of an arbitrary order in
terms of their (k 4+ 1)—dimensional copulas.
Throughout the rest of the section, Cy, . 4, t; €T, i =1,...,k, t; < ... <, stand for copulas correspond-

ing to the joint distribution of the r.v.’s Xy, , ..., X;, in the process {X;}ier in consideration. In addition,

k



throughout the paper, formulated equalities and inequalities for two functions f and g defined on [a, b]” C R™
are understood to hold almost everywhere on [a,b]™. That is, we write f = g (or f(u) = g(u)) if f and g
coincide almost everywhere on [a, b]": f(u) = g(u) for all u € [a, b]™\ A, where A is a subset of [a, b]" with the
Lebesgue measure zero. The meaning of the inequalities f > g and f < g (or f(u) > g(u) and f(u) < g(u))

is similar.

Theorem 1 A stochastic process { X her, is a Markov process of order k, k > 1, if and only if for allt; € T,

i1=1,...,n,n>k+1, such that t; < ... < ty,

k k k
Ctl,...,t :Ct1’~~,tk+1* Ct27~"ytk+2* e K Ctn—k:7~-~;t7L' (4)

n

Let n >k + 1 and s > 1. For an n—dimensional copula C' denote by C* the s—fold product «* of C' with
itself.

Corollary 1 A sequence of r.v.’s Xy, t = 1,2, ... is a stationary Markov chain of order k, k > 1, if and only
if forallm >k +1,

Oy, ey tiy) = C K C P L Cluy, oy un) = O F  (uy, ), (5)

)

where C' is a k + 1—dimensional copula such that C; h,.. iy+n =Ciy,. i, 1 <h<k+1—-14,1<4 <. <

1see

W <k+1,1=2..k where Cj, ., 1 < j1 <..<gi <k+1, denote the corresponding marginals of C':
Cippii =C

u;=L1,i#51,....01 -

Theorem 1 and Corollary 1 provide an approach to modeling Markov processes of higher order alternative to
that based on their transition probability matrices. Instead of specifying the initial distribution and a family
of transition probabilities, one can specify a Markov process of order k by prescribing all of the marginal
distributions and a family of (k+ 1)—dimensional copulas satisfying and then generating the copulas of higher
order and, thus, finite-dimensional cdf’s using (4). The advantage of the approach based on copulas is that it
allows one to separate in the dependence modeling the properties determined by marginal distributions such
as fat-tailedness of time series and its dependence properties such as conditional symmetry, m—dependence,
r—independence or mixing properties.

Corollary 1, together with the inversion method for constructing copulas described in Appendix Al,
provide a device for constructing new Markov chains of an arbitrary order that exhibit dependence properties
completely similar to those of a given Markov process of the same order but have other marginals. Namely, let
X, t =1,2,... be a stationary Markov chain of order & > 1 with (k + 1)—dimensional absolutely continuous
cdf F(xl, ..y Tk41) and the one-dimensional cdf F. Then the (k + 1)—dimensional copula generating the
process {X;} is, via formula (27) in Appendix A1, C(uy,...,ups1) = F(F~ (u1), ..., F~ (upy1)). Given an
arbitrary one-dimensional cdf G, the stationary k—th order Markov chain that has completely the same

dependence structure as that of {X;} but a different one-dimensional marginal cdf G can be constructed via



(5) by generating its copulas of an arbitrary order and substituting the new one-dimensional cdf to obtain its
finite-dimensional cdf’s.

In what follows, we refer to the processes {X;}, t = 1,2, ..., constructed via (5) as stationary k—th order
Markov chains based on the ((k 4+ 1)—dimensional) copula C' or as C—based k—th order stationary Markov

chains for short.

3 Main results: Applications to combining higher-order
Markovness with other dependence properties

In this section of the paper, we focus on the problems of combining higher-order Markovness in time series
with other dependence properties. In particular, we develop complete characterizations of Markov processes
of an arbitrary order that satisfy additional assumptions of r—independence or m—dependence defined as

follows.

Definition 2 R.v.’s X1,..., X,, are called r—independent (2 < r < n) if any r of them are jointly indepen-
dent.

Definition 3 R.v.’s X1, ..., X,, are called m—dependent (1 < m <n) if any two vectors
(Kjus Xy oo Xy, Xj,) and (X, X;

Ja—1>

X 1, Xj), where 1 < ji < .. < jo < .. <ji <ma=

a+1) at27 ")

1,2, -1, 1=2,...,n, Ja41 — Ja = M, are independent.

A number of studies in dependence modeling have focused on problems of combining Markovian structures
with other types of dependence. E.g., Lévy (1949) constructed a 2nd order Markov chain consisting of pairwise
independent uniformly distributed r.v.’s (a 2nd order pairwise independent Markov chain). Motivated by
applications in the study of the mechanism of human vision, Rosenblatt and Slepian (1962) constructed Nth
order stationary Markov chains consisting of discrete r.v.’s such that every IV variables of the process are
independent while N + 1 adjacent variables of the process are not independent (Nth order N —independent
stationary Markov chain). Rosenblatt and Slepian (1962) also obtained a result that is naturally to refer
to as an impossibility or a reduction property for Markov chains that shows that the only N—th order
N —independent Markov processes for which X,, is concentrated on two points are the jointly independent
ones. The r—independent Markov chains of higher order are important in testing empirically the sensitivity
of commonly used statistical procedures developed on the independence assumption to weak dependence in
the data generating process (see Rosenblatt and Slepian (1962)). In addition to that, such processes are
of interest since they provide examples of processes which are not Markovian of first order but whose first
order transition probabilities P(s,z,t, A) = P(X; € A|X, = z) nevertheless satisfy the Chapman-Kolmogorov

stochastic equation

Pls,z.t, A) = [ " Plu, .t AVP(s,x, u, dE) (6)



for all Borel sets A, all s <t in T, u € (s,¢) N T and for almost all x € R. 2

Markov chains with 1-dependence appeared for the first time in Aaronson, Gilat and Keane (1992) and were
considered, e.g., by Burton, Goulet and Meester (1993) and Matus (1996), where the focus was on 1—dependent
Markov shifts and on the structure of block-factors. Matis (1998) studied m—dependent Markov sequences
consisting of discrete r.v.’s and showed, in particular, that generally no stationary sequence of r.v.’s which is
Markov of order n but not of order n— 1 exists if the state space of the sequence has small cardinality (another
type of an impossibility/reduction result for Markov chains). Matis (1998) also showed that to ensure the
existence for the Markov processes of order n = 1 the number of attainable states must be at least m + 2 and
that this bound is tight.

The following result gives a complete characterization of k—independent k—th order stationary Markov

chains.

Theorem 2 A sequence of r.v.’s {X:}52,, is a C—based k—th order k—independent stationary Markov chain

if and only if the density of C' has the form

MO (ua, vy upya)

8u1...8u;€+1

= 1+g(u1a"'auk+l)7 (7)

where g : [0,1]*1 — [0,1] is a function satisfying the conditions

1 1
/ / lg(ur, ..o, ugr1)|dug...dug 1 < 0o, (8)
0 0

1 1.8
/ / Hg(uj,...,uk+j)dui1...duis =
0 i
1 1
/ / g(“’lv "'7uk+1)g(u27 "'7u/€+2)"'g(u87 "'7uk+s)dui1"'duis =0 (9)
0 0
foralls <w;, <..<wu, <k+1,s=12 .., [%}, and

g(ug, ..., upy1) > —1. (10)

Remark 1 Integration in condition (9) is with respect to all combinations of s variables among the arguments
Ug, Ugt1y oy U1 that are common to all the functions g(uy, ..., uk+1), g(Uz, ..., Upt2), .oy G(Usy ooy Upts) ap-
pearing in the integrand. These conditions ensures that all the k—dimensional marginals of the copula of
the r.v.’s X1, ..., Xgys are product copulas (30) corresponding to independence and, thus, the k—independence

property is satisfied for the stationary k—th order Markov process in consideration.

The following theorem provides a characterization of Markov chains satisfying m—dependence properties.

2Examples of non-Markovian processes for which Chapman-Kolmogorov equation is satisfied were given, e.g., by Feller (1959)
and Rosenblatt (1960).

10



Theorem 3 A sequence {X;}52, is a C—based m—dependent first order stationary Markov chain if and only
if the density of C satisfies

82C(U1, ’U,Q)

OuL0uy = 1+g(u17u2)7 (11)

where g : [0,1]? — [0,1] is a function satisfying the conditions

11
/O/O|g(u17u2)|du1duQ<oo, (12)

1
/ g(ula u?)dul = 07 1= 17 2a (13)
0
g(u17u2) Z -1 (14)
and such that
1 m 1
/ g(ui, wit1)dusdus...du, = / g(u1, u2)g(uz, us)...g(Wm, Um41)dusdus...du,, = 0. (15)
0 i3 0

Remark 2 Similar to (9), integration in condition (15) is with respect to the variables us,us, ..., Uy, that
appear more than once among the arguments of the functions g(ui,us2), g(uz,us), ..., g(Um,Ums1). This
condition ensures that the r.v.’s X1 and X,,4+1 are independent. This, in turn, guarantees that the stationary

Markov process in consideration is m—dependent.

In a number of applications, e.g., in finance, it is important to have a simultaneous satisfaction of the
Markov and martingale property. The martingale property, in contrast to the Markov (first and higher order)
properties is evidently not determined by finite-dimensional copulas of a process only and can be affected by
changes in one-dimensional marginal distributions. The property, however is determined by copulas alone for
a wide subclass of martingale differences, namely for sequences satisfying conditional symmetry assumptions.
Definition 4 A sequence {X:}$2, on a probability space (Q,S, P) is a conditionally symmetric martingale
difference with respect to an increasing sequence of c—algebras So = (,0) C 31 C 3 C ... CF, ST if rv.’s
X; are conditionally symmetric on the o—algebras Si—1, that is, if P(X; > x|Si—1) = P(Xy < —2|S¢-1),

r>0,t=1,2,..

The following theorem characterizes the stationary Markov chains of the first order satisfying martingale
property.

Theorem 4 A C—based Markov chain {X:}$2, consisting of symmetric r.v.’s with a continuous one-dimensional
cdf F is a conditionally symmetric martingale difference with respect to the natural filtration ¢ = (Q,0),
S =0 (X1, .., Xy), t > 1, if and only if

0C(u1, 1/2 —u) n 0C (u1, 1/24u)

8’&1 81,61 - 1, (16)
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or, equivalently, if the density of C' satisfies

0C(uy, 1/2—u)  0C(uy, 1/2 +u) (17)
OuqOus o Ou1Qug ’

we0,1/2).

Given a particular k—th order k—independent Markov chain or an m—dependent Markov chain of the
first order (say, those in the works by Lévy (1949), Rosenblatt and Slepian (1962), Aaronson, Gilat and
Keane (1992) or Matus (1998) discussed in the beginning of this section, one can use the inversion procedure
described following Corollary 1 in Section 2 to construct Markov processes that exhibit the same dependence

properties but have one-dimensional marginals different from those in the examples in the above papers.

4 Main results: reduction and impossibility theorems for Markov
chains of an arbitrary order

Theorems 2 and 3 imply several reduction and impossibility results for Markov processes satisfying m—dependence
and r—independence conditions. According to the results in the theorems, a number of copula based time
series that simultaneously exhibit Markovness and m—dependence or r—independence properties are, in fact,
sequences of independent r.v.’s.

The results in the following theorem, for instance, show that a construction of non-trivial Markov chains
of higher order that exhibit r—independence properties is impossible on the base of copulas whose densities
C'in Theorem 2 (that provides a characterization of time series combining r—independence with Markovness)

have functions g with a separable product form.

Theorem 5 Suppose that C : [0,1]*+1 — [0,1] is a (k + 1)—dimensional copula that has density (7), where
g(ur,ug, ., upr1) = af (ur) f(uz)...f(urs1) for some a € R and some function f :[0,1] — [0,1]. A sequence
of rv’s {Xi}, t = 1,2,..., is a C—based k—th order k—independent Markov chain if and only if {X;} is a

sequence of i.i.d. T.v.’s.

A particular case of copulas C in the form of Theorem 5 is given by a special case of (k + 1)—dimensional

Eyraud-Farlie-Gumbel-Mongenstern copulas (38) that have the form

k+1
Clur g,y wrr) = [ u(1 ol —u)(1 = u)on(1 — uk+1)). (18)

i=1

These copulas have densities (7) with

g(ug,ug, o tpr1) = ol — 2uq)(1 — 2ug)...(1 — 2up41). (19)

12



Corollary 2 Let C : [0,1]¥*? — [0,1] be a (k + 1)—dimensional Eyraud-Farlie-Gumbel-Mongenstern copula
(18) with density (7) with g given by (19). A sequence of r.v.’s {X:}, t = 1,2, ..., is a C—based k—th order
k—independent Markov chain if and only if {X;} is a sequence of i.i.d. r.v.’s.

The following results is a generalization of Corollary (2) to the case of a special case of (k+1)—dimensional
power copulas (39), namely, for the copulas

k+1
C(ula U2,y --ey uk-i-l) = H Uy (1 + a(ull - ul1+1)(ul2 - ul2+1)"'(u§c+1 - ugc—:ll))7 (20)
=1

where [ € {0,1,2,...} (copulas (20) reduce to those in (18) for [ = 0). These copulas have density (7) in which
g(uy, g, ooy Wit 1) = a((l 1)Ul — (1 + 2)ul1+1) ((l +1)ub — (1 + 2)ul2+1)...((l T T 2)u§€':11). (21)

Corollary 3 Let C : [0,1]**! — [0,1] be a (k + 1)—dimensional power copula (20) with density (7) with g
given by (21). A sequence of r.v.’s { X}, t = 1,2, ..., is a C—based k—th order k—independent Markov chain

if and only if {X;} is a sequence of i.i.d. r.v.’s.

The following theorem is an analogue of Theorem 5 in the case of m—dependence. It concerns impos-
sibility /reduction properties of m—dependent Markov chains. According to the theorem, a construction of
non-trivial examples (that is, those more general than sequences of independent sequences) of Markov chains
exhibiting m—dependence is impossible on the base of bivariate copulas that have, similar, to Theorem 5, the

function g in a separable product form.

82C(u1,u2)
8u18u2

af(ur)f(ug) for some a € R and some function f:]0,1] — [0,1]. A sequence of r.v.’s {X;}, t =1,2,..., is a

Theorem 6 Suppose that C : [0,1]> — [0,1] is a bivariate copula that has the density

C'—based m—dependent Markov chain (of the first order) if and only if {X;} is a sequence of i.i.d. r.v.’s.

The following corollary is a specialization of Theorem 6 to the special case of bivariate Eyraud-Farlie-

Gumbel-Mongenstern copulas (18) with & = 1:
Cur, us) :u1u2(1—|—a(1 —u)(1 —u2)) (22)
that have density (11) with
g(ur,uz) = a(l — 2up)(1 — 2uz). (23)

According to the corollary, stationary Markov chains that exhibit m—dependence and are based on such

copulas are, in fact, sequences of i.i.d. r.v.’s.

Corollary 4 Let C : [0,1]> — [0,1] be a bivariate copula Eyraud-Farlie-Gumbel-Mongenstern copula (22)
with density (11), where g is given by (23). A sequence of r.v.’s {X;}, t = 1,2, ..., is a C—based m—dependent
Markov chain (of the first order) if and only if {X;} is a sequence of i.i.d. T.v.’s.

13



The results in the present section that demonstrate that Markov chains with m—dependence and r—independent

Markov chains of higher order cannot be constructed from Eyraud-Farlie-Gumbel-Mongenstern copulas and

other separable copulas complement and generalize substantially the results of Cambanis (1991). Cambanis

(1991) showed that the most common dependence structures such as constant, exponential and m—dependence

cannot be exhibited by stationary processes {X,,} whose finite-dimensional copulas are the following multi-

variate analogues of bivariate Eyraud-Farlie-Gumbel-Mongenstern copulas (38):

Crrooin Wy o) = [ [ i (1 + Y ()1 - Ujm))-
s=1

1<l<m<n

The results also complement the above-mentioned results by Rosenblatt and Slepian (1962) on non-

existence of non-trivial Nth order N —independent Markov chains consisting of two-valued r.v.’s since, accord-

ing to Sharakhmetov and Ibragimov (2002), the finite-dimensional copulas of sequences of r.v.’s concentrated

on two points have multivariate Eyraud-Farlie-Gumbel-Mongenstern structure (38).

5 Main results: flexible classes of copulas

The results on limitations of the separable copulas presented in the previous section emphasize the substantial

technical difficulty in modeling copula-based time series with flexible dependence structures. According to

the results in this section of the paper, a class of copulas based on expansions by Fourier polynomials we

introduce in the present paper allows one to encompass this difficulty.

It is not difficult to check that the conditions of Theorem 2 are satisfied for the following functions g :

N k+1 k+1
glu, ey upr1) = Z [ sin(2m Z Blu;) + yjcos(2m Z Blug)], (24)
j=1 i=1 i=1

where N > 1, and a;,7; € R, and ﬂf €Z,i=1,...k+1, j=1,...,N, are arbitrary numbers such that

B+ af #0,

=2

for ji,...,4s € {1,....; N}, €1,...,6s—1 € {—1,1}, s =2,....k+ 1, and

N

1+ [aje; +vi654n] >0
=1

for €y, ...,ean € {—1,1}. The above functions g satisfy the conditions of Proposition 2 and, thus, define copulas

via (28). We refer to the copulas C' corresponding to the functions g in such a way,

ul Uk+1
C(ugy ey Ugt1) :/ / (T+ g(ug, ooy tupa1))dug ...dugyq,
0 0

as (k + 1)—dimensional Fourier copulas. Each such copulas can thus be used to construct a k—independent

k—th order stationary Markov chain via (5).

14



Similarly, conditions of Theorem 3 are satisfied with m = 1 for the bivariate Fourier copulas corresponding

to the functions g defined in (24) with k& = 1, that is, for the Fourier copulas

C(uy,uz) = /Ou1 /Om(l + g(u1, uz))dus dug, (25)

where

N
gl(ur, uz) Z ajsin(2m(Blur + Bhug)) + vjcos(2m(Bluy + Blus))], (26)
Jj=1

N >1, aj,v € R, and ﬁ{,ﬁ% €7Z,j=1,...,N, are arbitrary numbers such that
Y+ 6y #0,
gt - Bf 0,
N
+ Z[Oz]fj + ’Yjej—i-N] > 0
j=1
for €1,...,eany € {—1,1}. The processes constructed from copulas (25) via (5) thus give examples of stationary

first-order 1—dependent Markov chains.

6 Non-parametric estimation procedures for copula-based processes

The present section focuses on copula function estimation procedures in the time series context. We focus on
developing copula process convergence for f—mixing sequences.

Let X3, Xo,...,X,,,... be a stationary sequence of r.v.’s with the one-dimensional continuous marginal
cdf’s F(z) = P(X; < x),i=1,2,....,n. Denote by H(z1,...,254+1) = P(X1 < z1,..., Xp+1 < xp41), i € R,
1=1,...,k+ 1, the cdf of the k + 1 successive r.v.’s X1, ..., X,,.

The copula of the k + 1 successive r.v.’s X1, ..., X,, is
C(uh ...7uk+1) = H(F_l(u1)7 ceny F_I(Uk;Jrl)),

where the inverse F~1(u) is defined as F~'(u) = inf{t : F(¢t) > u,}, u € [0,1]. Denote by F,(z) =
1/nY" | Ix,<sz, € R, the one-dimensional empirical cdf of X1, ..., X,, and by

n k+1

Hn(xla "'7xk+l) = (1/(7’L - k)) Z H IXi+j—k71§acj

i=k-+1 j=1

the empirical cdf of k + 1 successive r.v.’s in the sample X, ..., X,,. Further, denote by
Cn(ul, ...,uk+1) = Hn(Fn_l(U,l), ceey Fn_l(uk_,_l))

the empirical copula function of the k 4+ 1 successive r.v.’s in the sample Xy, ..., X,,.
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Theorem 7 If {X;},t =1,2,... is a stationary B—mizing sequence with the coefficients By, satisfying k™ B, —

0 as k — oo for some r > 1, then the empirical copula process
Vi — k(cn(ula ey uk‘-‘rl) - O(ulv "'auk+1))
converges weakly in 1°°([0, 1]*T1) to a tight Gaussian process {Gc(uy, ..., urs1),u; € [0,1],i =1,...,k +1}.

Similar to Fermanian, Radulovic and Wegcamp (1994), Theorem 7 implies weak convergence of the mea-

sures of dependence for —mixing sequences based on the multivariate rank order statistics of the form
n—k
1/(n = k)Y J(Fu(Xi), Fa(Xig1), oo Fu(Xigr)
i=1

(the convergence of the statistics in the case of bivariate i.i.d. vectors (X;,Y;) was studied, e.g., by Ruymgaart,
Shorack and Van Zwet (1972), Ruymgaart (1974), Riiscehndorf (1976), Genest, Ghoudi and Rivest (1995)
and Fermanian, Radulovic and Wegcamp (1994)). Using the functional delta method, from Theorem 7 we get
that

n—=k
V=R Y (Pl X, Fu(Xin)oe Fa (X)) = B (Fu(X0), Fo(Xi2), o Pu(Xiga))) =

*/ Ge(ur, o ukg1)dd (u, oo Uks1)
[0,1]k+1

for all functions J of bounded variation. It also implies weak convergence of the nonparametric estimates of

the time series analogues of the multivariate orthant dependence coefficients introduced by Nelsen (1996):

k+2
A L — ) | Uy 1d -1
Pkt = 95T — (k+ 2) ( /[O’Hk+1 U1 U4 1dC 1 (u) )

and

_ kE+2 &
L — LS du—1
Pr+1 = k41 _ (k+2) ( /[0,1]k+1 Cr+1(u)du ) )

as well as of the multivariate time series analogues of the bivariate distance measures studied by Schweizer

and Wolff (1981):
(51 = / \C’kH(u) — ul...uk+1|du1...duk+1
[0’1]k+1

and

1/2
(52 = (/ (Ck+1(u) — ul...uk+1)2du1...duk+1> .
[0,1]k+1

7 Appendix A1l. Copula functions and their properties. U—statistics
based copula characterizations

We begin with the definition of copulas and formulation of Sklar’s theorem mentioned in the introduction (see

e.g., Nelsen (1999) and Embrechts, McNeil and Straumann (2002)).
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Definition 5 A function C : [0,1]" — [0,1] is called a n—dimensional copula if it satisfies the following
conditions:

1. C(uq,...,uy,) is increasing in each component u;.

2. Clug, ey ug—1,0,Ugg1, .oy ty) =0 for allu; € [0,1], i £k, k=1,...,n.

3. CQA,...,1ul, .. 1) =wu; for allu; € [0,1], i =1,...,n.

4. For all (a1, ...,an), (b1,...,b,) € [0,1]™ with a; < b;,

2 2
Z Z (—1)i1+'“+inc($li17 "'7xnin) 2 07

i1=1  in=1
where x;1 = aj and xjo = b; for all j € {1,...,n}. Equivalently, C' is a n—dimensional copula if it is a joint

cdf of n rv.’s Uy, ..., Uy each of which is uniformly distributed on [0, 1].

Definition 6 A copula C : [0,1]" — [0,1] is called absolutely continuous if, when considered as a joint

cdf, it has a joint density given by 0C™(uy, ..., u,)/Ous...0uy,.

Proposition 1 (Sklar (1959)). If X1, ..., X, are r.v.’s defined on a common probability space, with the one-

dimensional cdf’s Fx, () = P(Xy < zx) and the joint cdf Fx, . x,(@1,....2n) = P(X1 < 21,...., X, <),

.....

then there exists an n—dimensional copula Cx, ... x, (U1, ..., ur) such that

Fle--<7Xn (1‘1, ...,an) = CXI,A..,XW(FXl (1‘1), ,FXn(xn)) fOT‘ all T € R, k= 1, ey N
If the univariate marginal cdf’s Fx,,...,Fx, are all continuous, then the copula is unique and can be

obtained via inversion method:

Cxy,..x, (Ui, ..,un) = Fx, . x, (F;?ll(m), --.,F):(Un))’ (27)
where Fg:(uk) =inf{z : Fx, (x) > up}.

The following representation results obtained by de la Pefia, Ibragimov and Sharakhmetov (2003) provide
U —statistics-based copula representations and characterizations of dependence structures for multivariate

vectors.

Proposition 2 (de la Pena, Ibragimov and Sharakhmetov (2003)). A function C : [0,1]" — [0,1] is an
absolutely continuous n—dimensional copula if and only if there exist functions g;,,.... : R =R, 1 <1 <

e <o <my, = 2,...,n, satisfying the conditions

A1 (integrability):
1 1
/ / |gi1,..4,ic(ti17---atic)|dti1~-~dtic < 00,
0 0

A2 (degeneracy):
E(g’bl ..... T (ui17 eeey uik_l ) uikvuik+1 PREED) uic)|ui17 eeey uik_l ) uik+17 ceey uic) =
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1
/ Giv,... ic (ui1 yoeny Ugp_q s tik ) uik+1 PR uic)dtik = Oa
0

1<ii<..<ic<n k=12 ...,¢c,c=2,...n,

A3 (positive definiteness):

IV
L

n
Z Z Giroonyic Wiy s ooy Ui, )

e=21<i1<...<i.<n
and such that
Clur, ..., u / / 1+ Z Z Gir,oowic (i s s i) Hdti7 (28)
c=21<i1<...<i.<n =1
or, equivalently, such that the density of C satisfies
G"C(ul
a—’au’nn = 1+Z Z gily--win(uil?"'?uic)' (29)
c=21<41<...<i.<n

R.v.’s X1, ..., X, with copula C(uy, ..., u,) are jointly independent if and only if C' is the product copula:
C(Ugy ey Up) = U Uy (30)

Well-studied examples of copulas are given by (see, e.g., Joe (1997) and Nelsen (1999))

Cluy,ug) = (uy? +uy?)4% 6 >0 (31)
(Clayton copulas);
C(uy,ug) = ezp( — [(fln ul)e + (=In uz)e])il/(’, 6>0 (32)
(Gumbel copulas);
1 (e70m —1)(e 2 — 1)
Clur, up) = —gln(l + T ) 0>0 (33)

(Frank copulas).

Taking in (27 F' to be the n—dimensional normal cdf with a covariance matrix X:

F = Fe(a) =/ /m (34)

where ¢, 5:(z) = 1/((2m)"/2|2[*/2) exp(—32/E~1z) one obtains the well-known normal copula C; (ug, ..., uy,):
O (uy,y oy tin) = Fs (@ uyg), ooy @ (un)), (35)

where ®(x) denotes the one-dimensional normal cdf.
It is natural to consider the following generalizations of normal copulas (35) that are natural to refer to

as Gram-Charlier copulas:
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Cgc(ul, ey Uy ) = Fgc(Ffl(ul), oy F7 M (un)), (36)

FGC

where is the n—dimensional Gram-Charlier approximation to the normal cdf (34):

Fgc(x):/_:../:qﬁn,z(x)(u S G Hi jn(x)>dx (37)

1<ii<..<jn<m

oI1t-tin

with n—variate Hermite polynomials Hj,  ; (x) such that P

Hioo () = (= 1)+ 0n g (),
and F}, are one-dimensional marginal cdf’s of F&¢.

Up to our knowledge, the Gram-Charlier copulas (36) are for the first time proposed in the present paper.

As discussed in de la Pena, Ibragimov and Sharakhmetov (2003), Proposition 2 provides a general device for
constructing multivariate copulas and joint distributions. E.g., taking in (28) n = 2, g1 2(¢1, t2) = a(1—2t1)(1—
2ts), a € [—1,1], we get the family of bivariate Eyraud-Farlie-Gumbel-Morgenstern copulas C,(u1,uz2) =
uitg (1 4+ ol —u1)(1 —uz)). More generally, taking ¢;, . ;. (i, .., t;,) = 0,1 <41 < ... < i <m,c=
2,..on—1,912, n(t1,te, ... tn) = a(1—2t1)(1 = 2t2)...(1 — 2¢,,), we obtain the following multivariate Eyraud-
Farlie-Gumbel-Morgenstern copulas: Cy(u1, U2, ..., ) = [[imq u; (1 + a0, (1 — w;)).

Let aj, i, € R be constants such that Y 0 o7 o, o i o, @iy, i 0iy0i, > —1 for all §; € {0,1},
i =1,...,n. The choice g;, .. i (tiy,-rtiy) = iy i (1 =2t ) (1 —25,)...(1 —2t;,), 1 <i3 < ... <i.<m,c=
2,...,n, gives the following generalized multivariate Eyraud-Farlie-Gumbel-Morgenstern copulas (see Johnson
and Kotz (1975) and Cambanis (1977))

n n

C’(ul,...,un) = HUk 1+Z Z ail,...,ic(l_uik) . (38)

k=1 c=21<i1<...<i.<n

The bivariate cases of these copulas have the form (22).

The importance of the generalized Eyraud-Farlie-Gumbel-Morgenstern copulas and cdf’s stems, in partic-
ular, from the fact that, as shown in Sharakhmetov and Ibragimov (2002), they completely characterize joint
distributions of two-valued r.v.’s.

Let now o, ..., € (—1,1)\ {0}, Y, |a;| < 1. Taking in Proposition 2

Aq...00
Giroosic (biys o tin) = ———— ((1+ 1)tél —(I+ 2)&“) (T 1)tﬁc —(I+ 2)tli:r1) J

[C7PRERIC 7

where [ € {0,1,2,...}, we obtain the following extensions of Eyraud-Farlie-Gumbel-Morgenstern copulas (38)

that are natural to call power copulas:

2 aq...00,
Clur, o) = [Jui [ 1+ Y 2l —ul ) (ul, —ult) ) (39)
=1

. . (6 77RD
1<i1<...<i.<n
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As discussed in Remark 5 in de la Pena, Ibragimov and Sharakhmetov (2003), power copulas (39) with
Girrooiio(Cig sy ti,) = 0,1 <4y < ... <i.<m,c=2,..,n, c#r+1, give examples of copulas of r—independent
r.v.’s obtained by Wang (1990) whose r.v.’s have copulas (39) with [ = 0.

Taking n = 2, g1 2(t1,t2) = Oc(t1,ta), where c is a continuous function on the unit square [0, 1]? satisfying
the properties fol c(ty, ta)dty = fol c(ty,ta)dta =0, 14+ 0c(t1,t2) > 0 for all 0 < t1,¢2 < 1, one obtains the class
of bivariate densities studied by Riischendorf (1985) and Long and Krzysztofowicz (1995) (see also Mari and
Kotz (2001), pp. 73-78) f(z1,x2) = fi(z1) fo(z2)(1 + Oc(Fi(z1), Fo(x2))) with the covariance characteristic ¢
and the covariance scalar §. Furthermore, from Proposition 2 it follows that this representation in fact holds
for an arbitrary density function and the function 6c(t,ts) is unique.

As discussed in de la Pefia, Ibragimov and Sharakhmetov (2003), Proposition 2, in particular, provides a
device for obtaining complete characterizations of copulas of r.v.’s exhibiting different dependence structures.

For instance, the following characterizations of r.v.’s satisfying m—dependence or r—independence hold.

Proposition 3 (de la Pena, Ibragimov and Sharakhmetov (2003, Theorem 13)) R.v.’s X1, ..., X,, are

r—independent if and only if the functions g;,,. ;. in representation (28) satisfy the conditions

c

Gig i Wiy s oy ti) =0, 1 <y <o <o <myc=2,..,7

Proposition 4 (de la Pena, Ibragimov and Sharakhmetov (2003, Theorem 11)). R.v.’s X1,..., X, are
m—dependent if and only if the functions g in representation (28) satisfy the conditions

gil,...,ik,iwrl,..‘,ic(uil,~-~7Uik7uik+17---7uic) = gil,...,ik(uil,---aUik)gikﬂ,.“,ic(uikﬂ, ---,Uic) for all

1<y, <...<ik<ik+1...<ic§’n, Z‘k—i-l*ik >m, kil,...,C*l, c=2,..,n.

DNO obtained the following necessary and sufficient conditions for a time series process based on bivariate
copulas to be first-order Markov.

For copulas A, B : [0,1]2 — [0,1], set

(4sB)a) = | oAwD) OBy,

Further, for copulas A : [0,1]™ — [0,1] and B : [0,1] — [0, 1], define their x—product A B : [0, 1]™t"=% —
[0,1] via

om 8A(x1,...7wm,1,§) . 8B(§7$m+17”‘7xm+n71)
0 9¢ 2

As shown in DNO, the operators * and * on the class of copulas are distributive over convex combinations,

A B(I,Cl, ceny xm+n71) =

de.

associative and continuous in each place, but not jointly continuous.
DNO proved that the transition probabilities P(s, z,t, A) = P(X; € A|X,s = ) of a real stochastic process
Xy, t € T, satisfy the Chapman-Kolmogorov equations (6) if and only if the copulas corresponding to bivariate

distributions of X; are such that
Cst = Csu * Cut (40)
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for all s < u < t. DNO also showed that a real valued stochastic process Xy, t € T, is a first-order Markov

process if and only if the copulas corresponding to the finite-dimensional distributions of X; satisfy the

conditions

Cty,oty = Ctyty * Crypg x % C 1,

for all ¢4,...,t, € T such that ty <tp41, k=1,...,n— 1

8 Appendix A2. Proofs

Throughout the rest of the paper, for a r.v. X and z € R, Ix<, denotes the indicator of the event {X < x}.
In addition, we denote by Fx the cdf of the r.v. X. As usual, for a Borel set A € 3, the notation X ~1(A)

will stand for the event {w € Q: X(w) € A}.

Proof of Theorem 1. Let n > k + 1. Let us show that the Markovian (order k) property (3) holds for

ty =1,....,t, =n and t = n+ 1 if and only if

P(Xl < Ty ey Xy < xnfkaXn+l < mn+1’Xn7k+17 7Xn) =

P(X1 <1, Xk < Tneie| Xn—it1s -0 X)) P (X1 < Tt | Xnmir1, o Xn) (@:52). (41)
Indeed, suppose that (3) holds for t; = 1,...,¢t, = n and ¢t = n + 1. Then we have

P(X1 <1, Xnoke < Tty X1 < Tt | Xk 1,00 X)) =

E(IX1<1'1 PEERS) IX,,L7k<1:"7k ) IXn+1 <Tp41 |Xn—k:+17 ceey Xn) =

Xn—k-‘rla )

E{E(IX1<I17"'7IXn7k;<wn,kaIX7L+1<11”+1 |X1; sery Xn) X }
Xn7k+17 7Xn} =
X}

E{IX1<CE17 eeey IXn_k<zn_kE(IXn+1<zn+1 |X11 seey Xn)

E{IX1<$1 ety IXn7k<r'nka(IXn+l<fI:n+l |Xn—k+1, ceey Xn) D, S P

~—

P(Xl < x17~-~7Xn—k < xn—k|Xn—k+17~-~7Xn)P(Xn+l < $n+1’Xn—k+la---aXn

that is, (41) holds. Conversely, if (41) holds, then from the above chain of equalities read in the opposite

order it follows that

B{ I, <ars o Do B (D | Xy X)Xty X =
WX,

)

B{ I <ars oo D szrn o B (s < Xk 1y X)X
that is, for all Borel subsets B,,_g+1, ..., By, of R,
E{IX1<;£1 "'Iank<$n7kIXn—k+leBn7k+1 "'IXn,eBnE(IX71+1<£n+1 |X17 sy Xn)} =

E{IX1<I1 "'IXn—k<In—k-IXn—k+1€Bn—k+1 '"IXnEBnE(IXn+1<In+1 ’Xn) }
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This relation means that (3) holds for t; = 1,...,t, =n and t =n + 1.
Suppose now that Xy, t € T, is a Markov process of order k. Integrating (41) over

Xr:—lk—&-l((iooaxn—k-‘rl)) X X erl((*oovxn))a we get

Cia. mt1(Fi(z1), ., Fug1(@ng1)) = Fio nt1(Z1, o0y Tngr) =
Tn—k+1

/ / Cronmtmiotton (L (20), s Fr i (Eni)s Fniogt () oos Fa (1)) X

Cr—iet 1ot tn—k+1,n (Fnbt 1 Mn—t11)s - Fn(0n)s Fae k1 (Tn1))dF 0 kt1, (Dbt 15 -5 )

Frky1(Tn—kt1) Frn(zn)
/ / Cl,2,...,n|n—k+1,...,n(Fl(xl);"'aank(xnfk)agnkarly“'7571) X
0 0

On—k—i—l,...,n,n-l—l\7z—k+1,...,n(£n—k+1, ceey Env Fn+1(xn—O—l))Cn—k+l,-..,n(d€n—k+la ey dgn) -

Cran* Coprtrmi1 (F1(21), ooy Frg1(2ng1))-

By induction, this implies that (4) holds.
Conversely, suppose that (4) holds. Then we have

EIX1<ZL’1 "'IXn—k<fL’n—kIXn—k+1<In—k+1 "'IX7L<$nIXn+1<wn+1 =

01,2 ..... n+1(F1(x1)7 ceey ank(xnfk)v Fn7k+1(xn7k+1)7 ceey Fn(xn)a Fn+1(xn+1)) =

Fr_pt1(Tn—p+1) Fp(zn)
/ / Cl,2,...,n\n7k+1,...,n(Fl(x1)7---7Fn—k(mn—k);§n—k+lv---agn) X
0 0
Cnkarl,...,n,n+1\n7k+1,...,n (fn*k+17 ceey gna Fn+1(xn+1))c’ﬂ*k+1,m7n (dfn*kJrh (X33} dgn) =

E(E(Ix, <oy Ix, w<an o1 Xnkrts oo Xo)Ix ir<anvir D0 <an B(Xni1| X ki1, 0y X))

This implies that (41) holds. W

Proof of Theorem 2. Let {X;}72, be a C'—based kth order stationary Markov chain. Using Propositions

2 and 3, we obtain that if the sequence {X;}72, exhibits k—independence, then the density of the copula C
has form (29) with n = k + 1 and the functions g such that g;, . ;. (wi, ..., u;,) =0,1 <43 < ... <i.<m,c=
2,..., k, that is, (7) holds with g(u1, ..., ug+1) = g1,.._k+1(U1, ..., ugt+1). In addition, by the same propositions,

the above function g satisfies conditions (8) and (10) and is such that

1
/ g(ur, .., upr1)du; =0, j=1,2,.. k+1 (42)
0

Further, from Corollary 1 it follows that the density of the copula Ci 2, k+1,k+2 of r.v.’s Xy, Xo, ..., X4,

yeus

X412 is given by

O o pytite ok ok+iC
BulauQ...auk+13uk+2 o 8u18u2...8uk+1 8u28u;5...8uk+2
(1 + g(ul, ....,uk+1))(1 + g(uz, ....,Uk+2)) =

1+ g(ur, . cyugrr) + glug, ooy upg2) + glug, oy Ukt1)g (U, ooy Ug42)- (43)
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Using (42) and (43) we get that, for 2 < i1 < iy < k + 1, the density of the copula of the r.v.’s X},
Jje{1,2,...,k+2}\ {i1,i2} is given by

1+/ / gty ey 1) g(Ugy ooy U 2)dug, dug,.
0o Jo

This and k—independence of {X;} imply that

/ / g(ul, ....,uk+1)g(u2, ....,uk+2)dui1dui2 =0, 2<i1<ig<k+1. (44)
0 0

In complete similarity, by considering the k—dimensional marginal copulas of the r.v.’s X1, Xo, ..., Xpy2, Xk+3

and using (42), (43) and (44), we obtain

/ / / g(ul, ....,uk+1)g(u2, ....,u;Hg)g(u?,, ....,uk+3)dui1dui2dui3 =0, 3<i1 <ty <itiz3<k—+1.
0

Continuing in the same fashion, we get that the property that {X;}¢2, is a C—based k—th order k—independent
Markov chain implies that (9) holds for all s <w;, < ...<wu;, <k+1,1,2, ..., [%}

It is not difficult to see that relations (9) guarantee that, for m = [kﬂ} the copula C1 2, . k4m of the first
E+mrv.’s X1, X, ..., Xpym in a k—th order Markov chain {X;}$°,, has k—dimensional marginal copulas
in the product form (30) with n = k, that is, the Markov chain exhibits k—independence. By stationarity of
the process {X;}¢2,, this completes the proof. B

Proof of Theorem 3. Let {X;}$2, be a C—based first order stationary Markov chain. By Proposition 2,

the density of the copula C is given by (11) with the function g(u1,uz) satisfying conditions (12)-(14). In
addition, according to Corollary 1, the density of the copula Ci 2. m m+1 of the r.v.’s X1, Xo, ..., Xpn, Xint
has the form

1
O™ C 2, mmt1

Ou1O0Uy...0Uy Oty

m

(14 g(u1,u2)) (1 + gluz, ug)). (1 + g(tmy 1)) = [ (1 + glus, usrn)).

Using relations (13) we thus get that the copula Ci 41 of the r.v.’s Xy and X, 41 is given by

1 m
C1omt1 (U1, Upm1) / / 1+9 Us, Us1))dUg...dUp, =1 +/ / 9(Ug, Ugp1)dta... AUy, .

Thus, the copula Cy ;41 is the product copula: C1 q1(U1, Umt1) = Urtmy if and only if condition (15)
is satisfied. By stationarity of {X;}$2, this implies that it is m—dependent k—th order C'—based Markov

chain if and only if C' satisfies the conditions of Theorem 3. B

Proof of Theorem 5. Using relations (9) in Theorem 2 with s = 2 and i1 = 2, is = 3, we get that if, under

the conditions of Theorem (5), {X;} is a C'—based k—independent k—th order Markov chain, then
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/ / g(u1, ug, ..., ugr1)g(ug, us, ..., ugt2)dugdus =
/ / Fua) £ (u2) £ (ug).. f2 (whg1) f (ugg2) dugdug = 0,

that is,

o? {/01 f2(u2)du2} [/01 fz(u3)du3}f(ul)f2(u3)~~-f2(uk+1)f(uk+2) _o.

This evidently implies that g(u1,ug,...,ugt+1) = af(uy)...f(ugs1) = 0 and, thus, {X;} is a sequence of
iid. rov’s. B

Proof of Corollary 2. The corollary is a consequence of Theorem 5 applied to the function f(u) =1 — 2u.

Proof of Corollary 3. The corollary is a consequence of Theorem 5 applied to the function

fw) =1+ Dul — (1 +2)u' . |

Proof of Theorem 6. Using relation (15) in Theorem 3, we obtain that, if, under the conditions of Theorem

6, {X:} is an m—dependent C'—based Markov chain, then
/ / fluy) f2 (ug).. f2(um)f(um+1)du2...dum =0,
that is,
1 m—1
& (1) f (1) [/0 f2(u2)du2} =0.
This evidently implies that f(u) = 0 and, thus, {X;} is a sequence of i.i.d. r.v.’s. B

Proof of Corollary 4. The corollary is a consequence of Theorem 6 applied to the function f(u) =1 — 2u.

Proof of Theorem 4. By Markov property, P(X,, > z|S,-1) = P(X,, < —z|Sy,—1), if and only if P(X,, >

z|Xn-1) = P(X,, < —z|X,—1). The latter inequality, in turn, is equivalent to P(V,, > 1/2 + u|V,_;) =
P(V, <1/2 —u|V,_1), where V; = F(X,) and, by stationarity, to P(Va > 1/2 +u|V1) = P(Va < 1/2 — u|V1),
u € [0,1/2). We have therefore, that {X,,} is a conditionally symmetric martingale difference if and only if

O0WAL/2ou) _ g _ 0CWLL/Z4w) (y6) o, equivalently, if and only if (16) and (17) hold. M

Proof of Theorem 7. The argument for the theorem is based on the results obtained in Arcones and Yu

(1994) concerning convergence of empirical processes for mixing processes under almost minimal conditions
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and the approach utilizing the empirical transformation of the original process.®> Consider the process {Y;},
t =1,2,..., obtained from the process {X;}, t = 1,2,..., via the empirical transformation Y¥; = F(X;). It is
well-known that under the assumption of continuity of the cdf F' each of the r.v.’s Y; is uniformly distributed
on [0,1] and all the finite-dimensional copulas of the process {Y;}, t = 1,2, ..., are the same as those of the
original process {X;}, t = 1,2,... Furthermore, the process {Y;}, ¢ = 1,2, ..., is stationary and satisfies the
same mixing conditions as the original process. By definition, the copula C(uq, ..., ug+1) is the joint cdf of the
k+1 successive r.v.’s in the sequence {Y;}. Denote by F*(u) = 1/n>""_| Iy,<, the one-dimensional empirical
cdf of the sample Uy, ...,U,. Let

n k+1

H (ur, i) = (/0= 1)) 32 [ oy,

i=k+1j=1

stand for the empirical cdf of the k 4+ 1 successive r.v.’s in {V;}, t = 1,2, ..., and let
Cor(uny ey upn) = Hy ()7 un), ooy ()™ H(ugg1))

denote the empirical copula of the successive k + 1 variables in {Y;}. Similar to Lemma 3 in Fermanian,

Radulovic and Wegkamp (2002) one can show that

Coa(iy /10, oy ipg1 /1)) = CF (i J 1, ..y i1 /1) (45)

for i1,...;ik41 = 0,1,...,n. Indeed, let Xy < X9 < ... < X() be the order statistics of the sample
X1, Xa, 00y Xy, X0y = —00 and X, 1) = +00, G5y = is/n, s = 1,...,k + 1. We have

Cr(itns oy i 1,n) = Hu(Fy  (i1n), oy Fyy Hing1n)) =
Ho(X(i,)s oo Xin) = CE(F(X(3y))s o F(X (i) =
Cr(Yiirys o Yiin)) = Cr(itn, ooy ikt 1,m)-
We have that for all uy, ..., urs1 € [0,1] there exist i1/n, ..., ix+1/n € [0,1] such that
Cr(u, oy upr1) = Cplin/n, .y igg1/n).
By (45) we get therefore that

Vi —k(Cp — C)(ur, ..., 1) = Vn — k(CF — C)(uy, ..., up11)-

The statement of the theorem now follows from Corollary 2.1 in Arcones and Yu (1994).

3The approach based on the empirical transformations was applied by Fermanian, Radulovic and Wegcamp (1994) in the case
of two independent samples.
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