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EMPIRICAL ANALYSIS OF PERSISTENCE
AND DEPENDENCE PATTERNS AMONG THE CAPITAL
MARKETS'
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Abstract:

This paper investigates dependence structures on selected world stock markets. Firstly, a
non-parametric univariate measure of a persistence concerning capital markets efficiency
is derived and computed. Secondly, we focus on computing of a non-parametric multivari-
ate measure of the persistence indicating an ability of the price mechanisms to hold capi-
tal market efficiency under interaction of shocks.
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1. Introduction

An empirical analysis of dependence patterns in capital markets is based on both
univariate and multivariate setting of the financial time series. Firstly, the efficient
market hypothesis by Fama’s definition (see Fama, 1970) in capital markets is ana-
lyzed. It means to identify a pure random walk property in the stock price trajecto-
ries and to analyze a capital market shock persistence ability. Such property is a
typical property for a pure random walk. Secondly, we analyze a capital market
transfer capability to launch financial shocks. At the same time, we analyze a pro-
pagation of these shocks among the others capital markets. In general, there are two
categories of the non-pure random walk time series. The first category obtains the
time series that can be viewed as a combination of a pure random walk process and
a stationary process with non-zero serial correlation. The behaviour of these time
series associated with their correlation structure is analyzed by the following two
components: a trend which is a pure random walk, and a cycle which is a stationary
process involving a serial correlation function. The shock persistence of the time
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series depends on the relative contribution of these two components. Such time se-
ries mark the long-run effect smaller than that of a pure random walk. The second
category obtains the time series that contain a unit root with its non-stationary com-
ponent. If there is no stationary component in the time series then the first differen-
ce of the time series is a stationary process, and the long-run effect would be larger
than that of a pure random walk. The shock persistence for selected capital markets
will be estimated. Measures of the shock persistence in the time series in both uni-
variate and multivariate case will be introduced.

Usually, the economic time series are formed by a combination of a non-statio-
nary trend component, a stationary cycle component, and a noise component.
Shocks to these components are different. They have remarkably different effects
on future trend values. A shock to the stationary time series is transitory and the
effect will disappear after a sufficiently long time. Let us consider the following
simple first-order autoregressive process {y,,}:

Yit=C+0yi_1+ €y (1)

where 10 < 1, {€,,} is an independent process of residuals with mean zero, and c is
a given constant. Suppose that there is a shock at time 7 with its magnitude being s,
and there is no shock afterwards, i.e.

Yit=C+ 0y 4+ &+ S ()
Then, after k periods, the time series (2) has the following form:
1— ek+1
Vi =357 C* 0y, +0 s+ (1+0L+...+ 0L )e, 3)

where L is the lag operator. Then the mean value is equal to

E[Y1,r+k:| =ﬁ+eks (4)

and

. o c k) C
L@E[y1,t+k]—mE(—1_e+e sj_—1_e (5)

It means that the time series revert to its mean value and the impact of the shock
disappears; the smaller the value of the parameter 6, the faster the impact disappears.

In contrast, a shock to a trend, as expressed in a pure random walk, moves the
time series away from its trend path permanently by an extent which is exactly the
size of the shock. Let us again consider the simple first-order autoregressive pro-
cess {y,,} but with 6 = 1:

Yor=C+ Vo1 + €t (6)

Assume that there is a shock at time ¢ with a magnitude of s, and there is no
further shock afterwards. Then, after k periods, the impact is to shift permanently
the level of the time series by an extent of s as follows:

k
Vor = (K+1)CH+ Yo +5+ ) Eoy (7)

j=0
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The impact will not disappear even if k — oo.

Now we can construct a convex combination of both a stationary time series of
the type of equation (1) and a pure random walk such as equation (6), i.e., that
o € (0,1). After providing this convex combination we obtain the following simple
first-order autoregressive process {y;,}:

Ysi=C+ (1= (1—=6)) Ysr_1+ € (8)

where &5, = (e, —(1—-a)(1-0)e, D+ —-) (e, +0 (1 -0)¢g,, ). 1fO—>1,
then the time series (8) is I(1) process. If 6 — 0, then the time series (8) is I(0) pro-
cess. We assume there is a shock at time 7 with a magnitude of s, and there is no
further shock afterwards. Then, after k periods, the impact of the shock will not
disappear, nor the impact would be s as follows:

ys,t+k = Czko,(-l _a(1_ 9))/ + (1—0((1— e))k Y3,f71 +

+(1—a(1—e))k s+zk:(1—oc(1—9))k_/ €11

=0

and

adim@—m—ua—e»“j+

IME[y,J=lim|  +(1-(1-a(1-0)])+ |-

+(1-o(1-0))'s

o(1-6) (10)

It means that the convex combination of both the stationary time series of the
type of equation (1) and the pure random walk such as equation (6) reverts to its
mean value if oo — 1 and the impact of the shock disappears; the smaller the value
of the parameter 0, the faster the impact disappears. Contrariwise, if o« — 0 then
the impact will not disappear.

Let us return to equation (2). The permanent impact of the shock would usually
be smaller than s, depending on the relative contributions of the trend component
and the cycle component. Furthermore, if 6 — 1 in equation (1), then the first dif-
ference of the time series is I(0) process and the impact of the shock will disappear
after a sufficiently long time, while the impact of the shock to the time series itself
would be greater than to a pure random walk.

Therefore a shock persistence is introduced as a measure for this long-run or
permanent impact of shocks on the time series. This paper is organized as follows:
Section 2 presents measures for persistence in univariate models. Section 3 is de-
voted to an empirical application of measures for persistence on the selected capi-
tal markets. Section 4 is concerned with a measurement of dependence patterns by
using measures for persistence. Section 5 is again devoted to empirical applicati-
ons of the shock propagation among the selected capital markets.
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2. Persistence in Univariate Setting

A persistence of the time series can be illustrated by the infinite polynomial of the
Wold’s moving average (MA) representation of the time series, A(L), being evalua-
ted at L = 1, that is

Ay, = A(L)g, (11)
where
A(L) =1+ AL+ Al2+ ... (12)

is a polynomial in the lag operator L, and €, ~ (0, 67) are zero mean independent
residuals. An impact of the shock in period ¢ on the change level of the time series
or the first difference of the time series in period ¢ + k is A, The impact of the shock
on the level of the time series in period ¢ + k is therefore 1+A; + ... + A;. An accu-
mulated impact of the shock on the level of the time series is the infinite sum of
these MA coefficients A (1). The value of A (1) can then be used as a parametric
approach to a measure of the persistence. For a pure random walk, we have A (1) =
1. This one follows from equations (1) and (11):

AlLy=A(1)=1. (13)

For any stationary time series, we have A(1) = 0. It follows immediately from
the following operations:

1-L 1-L
Ayt =m8“ A(L)zm, A(1)=O (14)

For time series which are neither stationary nor a pure random walk, A(1) can
take any value greater than zero and different from 1. If 0 < A(1) < 1, the time se-
ries would display a mean-reversion tendency. If A(1) > 1, an unanticipated increa-
se would be reinforced by other positive changes in the future, and the time series
would continue to diverge from its pre-shock expected level. Since it is very com-
plicated to estimate effectively the value of A(1), to estimate effectively a level of
the persistence via A (1) is very complicated also. This is one of the reasons for
using of a non-parametric approach to estimating a level of the persistence.

A non-parametric approach to estimating of a measure of the persistence is pro-
posed by Cochrane (1988). Cochrane’s measure of the persistence is a ratio of the k
period variance to the one period variance, being divided by k. The variance ratio
method is non-parametric and the estimate is consequently more stable than the
Wold’s MA representation, A(L). Cochrane’s measure of a level of the persistence
is known as V, in the following formula:

“k Var(ay,) o

Ay =1

1V S
V)2 S,y

k

2 T it T
=1+ > 2[1—;JRT=1+2;[1—EJPT

Ay, =1

(15)
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where A, is the k period difference operator and Ay, =y, — y,_i, R, = Cov (Ay, Ay,_)
is the T th autocovariance in Ay, and p. = Cov (Ay,, Ay,_:) / 6%, is the T th autocor-
relation in Ay,. From (15) we can write the spectral density function as follows:

s 21T
2nf(m)=1+22p,~cos[k+1] (16)

The relationship between V, and A (1) is as follows

_1Var(Ay,) _1kA(1)o;

““k Var(ay,) ko, (17)

So we can define a level of the persistence consistently in the following form:
, o’

P=1'QjoVk=A2(1)Gi;- (18)

From equations (15) and (18) we can obtain the other expression for a level of
the persistence

=1

, . L T -
’I(Igl\/kzll(m[1+22(1—;)p1]=1+2;p1. (19)

We assume that Y |p,
=1

follows

<o, Then it is possible to express (19) by using (16) as

1+2Z‘pT =2nf(0) (20)
=1

where f(.) is a normalized spectral density function on the interval [-Tt, t]. If P =+ o
then the time series is a random walk. If P > 1 then the time series is a low frequen-
cy process. If P < 1 then the time series is a high frequency process. What is an
interpretation for capital markets? If P = + oo then the capital market is represented
via a random walk. It means that a shock is an inherent part of capital market re-
turns. The capital market is then a shock persistent. If P > 1 then the capital market
is represented via a low frequency process. It means that a shock is an inherent part
of low frequencies in capital market returns. In other words, if a shock coming in
capital market is associated with low frequencies (i.e., a trend pattern, or a capacity
potency power) then it is proceeded in a very difficult and slow way. If P < 1 then
the capital market is represented via a high frequency process. If a shock coming in
capital market is associated with high frequencies (i.e., an innovation pattern, or a
capacity potency indication only) then stock prices are adjusted promptly. This way
allows to identify both a level of the shock persistence and a level of the capital
market price efficiency.

3. Empirical Analysis of Persistence on the Capital Markets

The time series data are composed of daily log-returns on the following indices in
Table 1. The sample spans a period from January 5, 2000 till September 15, 2005.
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The data were obtained from Bloomberg data services. We estimate a level of the
persistence on the selected capital markets. We consider indices of the following

capital markets that are introduced in Table 1.

Table 1
Selected Capital Markets
1 PX50 Prague Stock Exchange Index
2 WIG Warsaw Stock Exchange Index
3 BUX Budapest Stock Index
4 NKY Nikkei Stock Exchange Index
5 CCMP Canadian Public Council Index
6 ATX Australian Trade Index
7 DAX German Stock Exchange Index
8 UKX London Stock Market Index
9 HSI Hang Sang Index
10 AEX Euronext Amsterdam Index
11 SPX Standard & Poor's 500 Index
12 CAC Compagnie des Agents de Change 40 Index

Levels of the persistence for the selected capital markets have been computed
by Cochran’s approach represented by equation (15). Results are presented in the

following figures in Figure 1.
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Levels of the persistence by definition (18) for the selected capital markets are
introduced in Table 2.
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Table 2
Levels of the Persistence for Selected Capital Markets
1 PX50 2.68
2 WIG 1.73
3 BUX 2.63
4 NKY 0.85
5 CCMP 0.8
6 ATX 3.79
7 DAX 0.95
8 UKX 0.64
9 HIS 1.07
10 AEX 0.69
11 SPX 0.65
12 CAC 0.91

From the presented figures and Table 2 it is possible to see that the capital mar-
kets ATX, PX50, BUX, and WIG have a high level of persistence in the capital
market price structures. It means that a price mechanism, for holding of efficiency
in a capital market (EMH), is corrupted in these capital markets. Contrariwise, ca-
pital markets as UKX, SPX, and AEX demonstrate very efficient price mechanism
for holding the capital market efficiency (EMH).

4. Dependence Patterns among the Capital Markets

In multivariate setting, a level of the persistence V,, can be applied to both an iden-
tification of dependence shock patterns among capital markets and evaluation of the
cross capital markets shock effects. We first adopt the infinite polynomial of the
Wold’s MA representation to demonstrate measures of the shock persistence, in a
multivariate way similar to equation (11) as follows

Ayt = A(L)et, 8; ~ (Oy Zs)’ (21)
where we use characters in bold for matrices and vectors. The expression
AL) = Ag+ AL + AL2 + ... (22)

is an n x 1 dimension vector of infinite polynomials Ay, is an n x 1 dimension vec-
tor of variables, €, is an n x I dimension vector of residuals, and X, is an n X n co-
variance matrix of residuals. We have the multivariate measure of persistence as
follows:

P=A(1)ZZ:,A(1)" (23)

which reduces to A*(1)(c%/03,,) in a univariate time series. To obtain multivariate
measures of the shock persistence, previous studies have attempted to scale the co-
variance matrix of residuals by the different ways. Pesaran et al. (1993) use the con-
ditional variance of Ay;, (the j-th diagonal element of X;) to normalize the j-th co-
lumn of the covariance matrix of residuals. Van de Gucht et al. (1996) use the
unconditional variance of Ay;, (the j-th diagonal element of X)) to scale the j-th co-
lumn of the covariance matrix of residuals, arguing that it is consistent with the
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univariate measure of persistence proposed by Cochrane (1988). The diagonal ele-
ments in the normalized covariance matrix are considered as a representation of the
total persistence in individual capital markets. The off-diagonal elements are con-
sidered as the cross-effects of the shock persistence distributed between two capi-
tal markets. An element in the i-th column is the effect on the i-th capital market
due to the shock in the j-th capital market. With this approach, the effect of the shock
persistence on capital market i due to shocks in capital market j is represented by
the (i,j)-th element in P, that is P(i,j) measures the (i,j)-cross persistence, P(j,i)
measures the (j,i)-cross persistence, while P(i,i) measures the total persistence of
the i-th capital market.

As a generalizing of the non-parametric measure of the shock persistence into
the multivariate setting, we define V, as the k period covariance matrix times the
inverse of the one period covariance matrix, divided by k. The non-parametric me-
asure of the shock persistence has the following form

1 _
‘/k = FZAk}’rZA}’r ' (24)

Using a procedure similar to equation (15), we have:

1 2§1 TR 1 2§1 TR
+ - T e + - n,t -1
1:—0( k) " 1:—0( k) ! R - R

11,0
V, = : : x|
k-1 T k-1 T
142%|1-— R - 1+2¥[1-— R
g( k) ni,t g},( k) nn,t

where R;;; = Cov(Ay;,, Ay;,_-) is the covariance between Ay;, and Ay;, . at lag T, and
R;; o = Cov(Ay;,, Ay;,) is the contemporaneous covariance. The elements in the first
matrix on the RHS of (25) are bivariate, but the elements in V, are truly multivari-
ate due to the second matrix on the RHS of (25). A level of the shock persistence in
multivariate setting is as follows

R. -~ R (25)

nn,0

1+25R.. .. 1+2%R i
Z; 11,1 ; 1n,t R R 1

110 77 1n,0
P= Ilim V, = : : x| : :
142> R,. - 1+2)R,.
1=0 =0

By expression (20) we can rewrite (26) in the following expression using the
bivariate spectral densities:

R (26)

R nn,0

n1,0

-1

h11(0) o h1n ©) R11,o o R1n,o
P=I|(i_r)11Vk =2n| N DY : : (27)
hn1 (0) t hnn (0) Rm,o - R

nn,0

where h; (.) (i,j =1,...,n) is a cross spectrum and takes the form of
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2k, (0) =1+ Y Cov(8ubYyer) (28)

T=—e GA‘V:‘IGAY:J—r

5. Empirical Analysis of Dependence Patterns on the Capital Markets

A level of the shock persistence, (26), takes into account an influences from all
sources in the world capital markets. This measure is used for estimating the cross
dependence patterns among different capital markets. Such situation, in multivaria-
te setting, is demonstrated in the following Table 3 and Figure 2. On the x-axis, and
the y-axis are labels of the capital markets 1 to 12 (see Table 1) that are located
individually. The height of the bar on the point (7, j) demonstrates a level of the
shock persistence on the i-th capital market and due to the level of the shock persi-
stence in the j-th capital market. The multivariate shock persistence analysis is more
complex than the univariate shock persistence analysis. The multivariate shock per-
sistence analysis identifies both a power of the shock and a direction of the shock
propagation of the shock occurrences in the i-th capital market to all the others ca-
pital markets. Therefore, the multivariate shock persistence analysis is able to ana-
lyze both the sources of shocks and the shock absorbers on capital markets. Results
of the empirical analysis are presented in Table 3. Dependence structures among the
world capital markets are introduced in Figure 3. Moreover in Figure 3, we can in-
vestigate the dependence structures under different levels of lags k. The element (i,
i)-th, under k=1, measures a level of the shock persistence for the (i, i)-th capital
market. The element (i, j)-th measures a dependence structure for the (i, j) capital
markets under different levels of lags k.

Table 3
The Level of the Persistence in Multivariate Setting for Selected Capital Markets

PX50 WIG | BUX | NKY | CCMP| AIX | DAX | UKX | HSI AEX SPX | CAC

PX50 | 1,419 | -0,046 | -0,044 | 0,111 | 0,063 | 0,187 | 0,594 | 0,026 | 0,045 [ 0,616 [ -1,580 | 0,832
WIG |-4118 | 0451 | 0224 | 0565 | -3,853 | 2919 [ -2,829 | -3,739 | 1,372 | 0,027 | 8,473 | 2247
BUX [-0,818 | -0,038 | 0402 [ 0,271 | -0,239 | 1,370 | -1,508 | -1,145 [ 0377 | 5941 | -4.413 [ 0,954
NKY ]-0,246 | 0259 | 0,081 | 0,104 | -1,486 | 0,946 | -2,470 | -1,588 | 0,557 | -1,856 [ 4,620 | 2,348
CCMP | 3328 | -0,041 | -0,167 | 0,159 | -0,383 | -0,102 | -0,607 | -0,150 [ 0,209 [ -2,098 [ -0,117 [ 0,990
ATX | 0442 | -0,028 | 0,001 | 0,077 | 0,022 | 0,173 [ -0439 [ -0,028 | 0,025 | 2,429 | -2,229 | 0,608
DAX [-1,425 | 0,013 | 0,092 | 0,131 | -0,984 | 0,737 | -0,070 | -1,049 | 0,202 [ 3,448 [ -0,279 | 0,309
UKX 10231 | -0,018 | 0,015 | 0,152 [ -0,671 | 0490 [ -0,077 | -0,320 | 0,088 | 2,173 | -1,251 | 0,261
HSI [-4,045 | 0430 | 0,061 [ 0,114 | -3317 | 2,542 | -0,686 | -2,966 [ 0,574 [ 0,508 [ 7,511 [ 0,780
AEX | 1531 | -0,041 | -0,059 | 0,111 | 0,026 [ 0245 -0,513 [ 0,090 | 0,036 | 00822 | -1,962 | 0,750
SPX 1,559 1 -0,045 | -0,046 | 0,121 | -0,140 | 0,035 | -0,391 | -0,036 [ 0,044 [ 0,267 | -1,024 | 0,691
CAC | L1145 [ 0,027 [ -0,001 | 0,123 | -1,172 [ -0,166 | 0,111 | -0,224 | 0,119 | 1,742 | -0,628 [ 0,027

In Figure 3, we can observe that SPX and AEX are the main parts in bearing of
shocks in capital markets. In this one, we can also observe an evolution of depen-
dence structures both short-run and long-run intervals among capital markets.

240 ® PRAGUE ECONOMIC PAPERS, 3, 2006



DOI: 10.18267/j.pep.286

6. Conclusions

The paper has been focused on a research of the dependence structures on the capi-
tal markets by measures of the persistence. In univariate systems, an empirical ana-
lysis of persistence has shown that the capital markets UKX, AEX, and SPX are cha-
racterized by a low level of the persistence under all analyzed lags. From these
analyses it is possible to show a level of the capital market efficiency. In multivari-
ate systems, an empirical analysis of persistence has shown that capital markets
change dependence structures in different periods of lags. The negative tail depen-
dence in the returns on the PX50, WIG, and UKX indices, representing the Prague
Stock Exchange Index, the Warsaw Stock Exchange Index, and the London Stock
Market Index was found. The positive tail dependence in the returns on the SPX,
WIG, and HSI indices, representing the Standard & Poor's 500 Index, the Warsaw
Stock Exchange Index, and the Hang Sang Index was found. This analysis enables
to construct more deep hedging structure of agent portfolio securities.

Figure 2
Dependence Structures Among the World Capital Markets
Levels of the Persistence on the World Capital Markets

Persistence of the World CM

Figure 3
Dependence Structures Among the World Capital Markets for Different Lags
K=2, 2%, ..., 2¢

Persistence of the World CM, k=2 Persistence of the World CNL k=4
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