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1. Introduction

In an economic environment where an interna-
tional perspective is increasingly relevant, know-
ledge of the international equity market structure
becomes important for several reasons. On the
one hand, economists are interested in the world-
wide equity comovement structure as it influences
capital flows, investment and consumption deci-
sions. On the other hand, investors are interested
in comovement relationships for diversification
motives. This is especially true because interna-
tional diversification is often regarded as the best
way to improve portfolio performance. However,
the extent to which portfolio managers can practi-
cally implement risk reduction depends not only
on the intertemporal stability of (expected) stock
market returns, but also on (expected) correla-
tions, which measure the amount of similarity in
the movement of financial markets.

Yet, only recent experience has highlighted the
fact that risk parameters are unstable and that
international equity correlations can rise quickly
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and dramatically. Likewise, the global stock mar-
ket crash in October 1987 increased research in-
terest into how financial disturbances transmit
from one market to another and fostered a more
cautious attitude towards international diversifi-
cation and risk management. Firstly, due to the
progressive removal of impediments to interna-
tional investment, international financial markets
have become increasingly more integrated. Inte-
grated markets, however, are likely more corre-
lated and could thus erode the advantages of in-
ternational risk diversification in the long run.
Secondly, recent studies suggest that the case for
international risk diversification may have been
somewhat overstated, since the risk protection
brought by diversifying assets across markets is
likely to be reduced when it is needed most,
namely in periods of high volatility or, worse, ex-
treme negative price movements. Indeed, so-
called correlation breakdowns, if they occur, call
into question the usefulness of diversifying and
hedging operations based on correlations esti-
mated from historical data, since they may be in-
accurate precisely when they are most desired.

This paper investigates the following questions.
What is the temporal behaviour of international
equity market returns? Are they multivariate nor-
mally distributed as commonly assumed? If not,
does linear correlation correctly measure the de-
pendence structure of international stock markets?
Does correlation really and significantly fluctuate
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over time? If yes, is there any particular pattern
emerging? Is there a positive time-trend for cor-
relations? Is correlation positively related to vola-
tility? What actually is an extreme event on finan-
cial markets? Does correlation breakdown really
occur? If yes, does it occur for all countries in the
same way? What are the consequences for risk
and asset management?

The paper is organised as follows. After a brief
review of the literature in Section 2, Section 3 ex-
amines the temporal behaviour of selected stock
market returns and whether these are normally
distributed. It also briefly introduces both the con-
cepts of linear and rank correlation and discusses
the shortcomings associated with the use of them.
Finally, some preliminary evidence is given that
international equity market correlations fluctuate
over time. Section 4 investigates the instability of
correlation in more depth. Further, it turns to the
question of a time-trend inherent to international
correlation. Section 5 gives two (new) definitions
of extreme events and examines the asymmetry of
the correlation structures. Section 6 introduces a
procedure for blending variance-covariance matri-
ces from different risk regimes. This enables in-
vestors to express views about the likelihood of
each risk regime and to differentiate their risk
aversion to them. Section 7 provides a brief con-
clusion of the main empirical findings and their
implications.

2. Review of the literature

In the literature, the investigation of the stock
market comovement structure is based on many
different approaches. To start with, EUN/SHIM
(1989) and OERTMANN (1995) investigate the
international transmission mechanism of stock
market movements by estimating a vector autore-
gressive (VAR) system. Their results suggest that
the dynamic response pattern is generally consis-
tent with the notion of informational efficient in-
ternational stock markets. Very interestingly, both
studies find Switzerland to be the most interactive

market. Similarly, KOCH/KOCH (1991) estimate
a dynamic simultaneous equations model to de-
scribe the contemporaneous and lead-lag relation-
ship across eight national equity markets. Their
results reveal growing market interdependence
over time, however mainly within the same geo-
graphical region. KING/WADHWANI (1990) ex-
amine the transmission of volatility between inter-
national stock markets. Their empirical evidence
indicates that an increase in volatility leads in turn
to an increase in the size of contagion effects. In
contrast, however, a later study by KING/SEN-
TANA/WADHWANI (1994) concludes that this
was only a transitory increase caused by the Octo-
ber 1987 crash. KAROLYI/STULZ (1996) ex-
plore the fundamental factors that affect cross-
country correlations based on overnight and intra-
day returns for a portfolio of Japanese stocks us-
ing their NYSE-traded American Depository Re-
ceipts (ADRs) and a matched-sample portfolio of
US stocks. They find that US macroeconomic an-
nouncements, shocks to the Yen/Dollar foreign
exchange rate and Treasury bill returns, and in-
dustry effects have no measurable influence on the
correlation between US and Japanese returns,
while large shocks to broad-based market indices
positively impact both the magnitude and persis-
tence of correlation. Also concentrating on the US
and Japanese stock markets, LIN/ENGLE/ITO
(1994) show that information revealed during the
trading hours of one market has a global impact
on the returns of the other market. In order to ex-
tract global factors, they describe a signal-
extraction model with GARCH processes and an
aggregate-shock model, in which investors use
return surprises from the other market to set
opening prices. The often observed heteroskedas-
ticity in return series suggests to use (multivariate)
(G)ARCH models in order to investigate time-
varying moments. LONGIN/SOLNIK (1995) find
that a bivariate GARCH(1,1) model with constant
conditional correlation helps to capture some of
the evolution in the conditional covariance struc-
ture. Explicit modelling of conditional correlation
indicates an increase of international correlation
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over the past thirty years. Based on a test inspired
from threshold GARCH models (see NG/ENGLE
(1993)), they also find that correlation rises in pe-
riods of high volatility.

Several studies test conditional (international)
capital asset pricing models. BOLLERSLEV/
ENGLE/WOOLDRIDGE (1988) estimate a ca-
pital asset pricing model (CAPM) with time-
varying covariances. Using a multivariate gener-
alisation of the ARCH-M model introduced by
ENGLE/LILIEN/ROBINS (1987), they find that
conditional covariances are variable over time and
a significant determinant of time-varying risk
premiums. On the other hand, DE SANTIS/GE-
RARD (1997) test a conditional CAPM for the
world’s eight largest equity markets using a par-
simonious GARCH parameterisation. They con-
clude that, although some severe market declines
were contagious, the expected gains from interna-
tional diversification for a US investor is positive
and has not significantly declined over the last two
decades.

3. Analysis of the return series

In financial markets theory, one of the most im-
portant assumption is that continuously com-
pounded stock market returns are multivariate
normally distributed. This asumption is also pre-
requisite of the use of linear correlation as a
measure for interdependence between interna-
tional equity returns. However, although the as-
sumption of (multivariate) normality is broadly
applied in almost every area of finance, there is
also, starting with MANDELBROT (1963) and
FAMA (1965), overwhelming empirical evidence
that empirical distributions of stock returns are
significantly different from Gaussian distributions.
But if returns are non-normal, linear correlation
can not capture the whole dependence structure
between them. Despite the fact that the concept of
linear correlation is a central idea in finance, it is
thus necessary to briefly resume the shortcomings
associated with the use of it. In addition, the non-

parametric rank correlation is introduced. To
complete this section, the dependence structure of
international stock markets is demonstrated both
using linear and rank correlation.

3.1 Description of the data

The sample was restricted to Switzerland (CHF)
and the Group of Seven countries (United States
(USD), United Kingdom (GBP), Canada (CAD),
Germany (DEM), Italy (ITL), France (FRF) and
Japan (JPY)). These are the eight largest markets
in terms of size and their combined stock market
capitalisation is more than 90 percent of that of
the world. For each market, monthly nominal re-
turns are calculated in local currency.[1] The sam-
ple period is from January 1973 to December
1999.

3.2 Summary statistics

Consider the summary statistics for the monthly
returns in Table 1. Over the total period from
January 1973 to December 1999, annualised mean
returns range from 6.26% for Japan to 12.41% for
Italy across the markets. Except for Italy, the me-
dians are higher than the means, indicating that the
distributions tend to be skewed to the left for
these countries. Maximum and minimum values
differ greatly from the mean in all countries. Here,
it is United Kingdom that shows the most
distinct extreme monthly observations (maximum:
+40.05% and minimum: —31.82% — compared to
an annualised mean of 10.89%). Annualised stan-
dard deviation (volatility) of the returns is lowest
in the United States with 15.08%, whereas the
returns in Italy are the most volatile ones
(25.53%).

The coefficients of skewness and kurtosis allow to
evaluate the distributional characteristics of the
returns. If returns are exactly normally distributed,
the skewness is equal to zero and the kurtosis
is equal to three. As already indicated above,
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Table 1: Summary statistics for monthly (log-)returns of the selected equity markets

CHF USD GBP CAD DEM ITL FRF JPY
Mean (ann. %) 7.97 9.65 10.89 7.06 7.98 12.41 11.71 6.27
Median (ann. %) 12.73 12.66 16.69 8.60 8.87 1.21 19.31 7.32
Maximum (%) 18.25 15.81 40.05 14.96 4.34 27.71 20.42 17.45
Minimum (%) —27.46 -24.10 -31.82 -23.56 —26.82 —22.38 —24.53 —24.43
Volatility (%) 16.53 15.08 20.46 16.70 17.00 25.53 21.85 18.28
Skewness -1.07 -0.67 0.23 —0.89 -0.73 0.27 -0.48 -0.31
Kurtosis 8.47 6.89 11.63 6.96 6.36 3.97 4.72 5.32
Jarque-Bera 465.58 228.34 1008.16 255.19 180.97 16.59 52.40 77.44
Probability 0.000* 0.000* 0.000* 0.000* 0.000* 0.000* 0.000* 0.000*

Sample: 1973: 01 — 1999: 12 (324 monthly observations). * Significant at the 5% level.

Table 1 shows that except for Italy and United
Kingdom, all stock market returns are negatively
skewed. Here it is Switzerland that seems to have
the most negatively skewed and therefore asym-
metric market. The high values of the kurtosis
support the fact that financial time-series tend to
be heavy-tailed. This means that there are too
many observations around the mean and, in con-
trast, too many outliers (extreme events). To ex-
amine the combined effect of skewness and
kurtosis, the Jarque-Bera test of normality is con-
ducted. Not surprisingly, the null hypothesis of
normally distributed returns is clearly rejected
on the 5 percent level of significance for all
markets.

3.3 Dependence measures and preliminary
empirical findings on time-varying correlations

So far, the time-series were analysed each sepa-
rately. To analyse the comovement (or depen-
dence structure) of random variables such as
equity market returns, there are different (stati-
stical) concepts. The following sub-sections define
two of them and discuss their properties: the
widely applied parametric linear correlation coeffi-

cient and the non-parametric rank correlation
coefficient.

Parametric linear correlation

As already briefly mentioned above, the use of lin-
ear correlation as a measure of dependence be-
tween two random variables is essentially based
on the assumption that these are multivariate nor-
mally distributed (or, more generally, that returns
follow elliptical or spherical distributions -~ for a
definition see EMBRECHTS/MCNEIL/STRAU-
MANN (1999a)). If the assumption of normality
is violated, EMBRECHTS/MCNEIL/STRAU-
MANN (1999b) identify the following short-
comings associated with the linear correlation as
measure for dependence: (1) If the structure of
dependence is non-linear, linear correlation can
not capture it. (2) As the possible values of linear
correlation depend on the marginal distributions of
the returns, not all values between minus and plus
one are necessarily attainable. (3) Perfect posi-
tively (negatively) dependent returns do not nec-
essarily have a linear correlation of plus (minus)
one. (4) A linear correlation coefficient of zero
does not indicate independence. (5) Linear corre-
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lation is not invariant under non-linear strictly in-
creasing transformations of the returns. (6) Cor-
relation is only defined when the variances of the
returns are finite. It is not an appropriate depend-
ence measure for very heavy-tailed returns where
the variances appear infinite.

Despite these shortcomings, linear correlation is a
central idea in finance. It lies for example at the
heart of the CAPM and the arbitrage pricing the-
ory (APT). Linear correlation, however, is not the
only measure of stochastic dependence between
random variables. Another possible measure of
dependence is the non-parametric rank correla-
tion.[2]

Non-parametric rank correlation

By turning to the non-parametric rank correlation,
certain of the above stated theoretical deficiencies
of standard linear correlation can be repaired.
Using the SPEARMAN definition of rank corre-
lation, the exact structure of dependence is not of
interest and outliers only have limited impact.
However, rank correlation can not be manipulated
in the same easy way as linear correlation. As the
variance is not defined, it is not possible to use it
in the context of the mean-variance analysis ap-

plied in Section 6. Nonetheless, since it was al-
ready showed that returns are non-normal and that
there are significant outliers, it is worth to com-
pare the behaviour of linear correlation and rank
correlation.

Preliminary empirical findings on international
equity market correlation

The following section now turns to the empi-
rical dependence structure of international stock
markets. Table 2 reports linear correlations cal-
culated over the whole sample period, mirror-
ing the long-term interdependence of the inter-
national equity markets. The highest correlation
coefficient is 72.99%, documented for Canada
and the United States, and the lowest is 28.66%,
reflecting the relationship between returns in
Italy and Japan. Switzerland exhibits the highest
equally weighted average correlation with the
seven other stock markets: the average coefficient
is as high as 56.73%. High average values are also
measured for the United States (52.56%), France
(50.82%) and United Kingdom (50.31%). The
lowest mean correlation with other markets is
measured for Japan (32.93%), followed by Italy
(39.44%).

Table 2: Correlation matrix over the whole period 1973: 01 — 1999: 12

CHF USD GBP CAD DEM ITL FRF JPY Avg

CHF 1 64.44 61.13 58.14 69.50 45.91 58.70 39.26 56.73
USD 1 64.06 72.99 47.59 32.73 53.04 33.05 52.56
GBP 1 56.59 45.45 39.43 52.23 33.29 50.31
CAD 1 42.47 36.45 51.81 31.28 49.96
DEM 1 42.94 56.73 31.69 48.05
ITL 1 49.96 28.66 39.44
FRF 1 33.26 50.82
JPY 1 32.93

Total Avg  47.60

Values are multiplied with 100 [%].
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Moreover, the correlation matrix reveals certain
,regional correlation clusters‘. That is, typi-
cally high correlation coefficients are documented
for countries which are located in the same
region. Examples are USA and Canada (72.99%).
Switzerland and Germany (69.50%) and Swit-
zerland and France (58.70%). United Kingdom,
on the other hand, seems to be more cor-
related with the United States and Canada than
with other European stock markets (except Swit-
zerland).

It is often claimed that international equity market
correlations are unstable over time. Recent studies
such as ERB/HARVEY/VISKANTA (1994),
LONGIN/SOLNIK (1995), SOLNIK/BOUCREL-
LE/LE FUR (1996) and OERTMANN (1997), to
name just a few, document that correlation ma-
trices are unstable over time. Conversely, other
studies such as KAPLANIS (1988) or
FORBES/RIGOBON (1999) conclude that the
relationship between international equity markets
1s less unstable as often claimed. To get a first idea

of this issue, the above sample period is divided
into three sub-periods (January 1973 to December
1986, 1987 and January 1988 to December 1999).
Table 3 reports equally weighted average correla-
tions and volatilities for all periods.

Comparing these values, it becomes evident that
average correlation has increased notably from
40.55% 1in the period from January 1973 to De-
cember 1986 to 55.16% in the period from Janu-
ary 1988 to December 1999. Even more, in 1987
(including the October 1987 stock market crash),
average correlation between the international
stock market returns was a high as 68.44%. Thus,
it seems that stock market interdependence has
largely grown in times of the market crash. Com-
pared with the average correlation computed over
the whole sample period (47.60%), it is clearly
evident that correlations fluctuate considerably
over time.

So far, the analysis was based on linear correla-
tion. It is now interesting to compare these results
with the results obtained using rank correlation.

Table 3: Equally weighted average correlations and volatilities over different time periods

Linear correlation CHF USD GBP CAD DEM ITL FRF JPY Avg
1973: 01 - 1999 : 12 56.73 52.56 50.31 49.96 48.05 39.44 50.82 32.93 47.60
1973 :01 — 1986 : 12 49.14 45.81 44.04 42.37 35.57 32.63 41.79 33.02 40.55
1988: 01 — 1999 : 12 62.90 58.20 58.48 55.38 61.06 49.65 60.20 3542 55.16
1987: 01 — 1987 : 12 76.56 74.65 73.99 76.96 63.90 55.91 78.64 48.52 68.64
Rank correlation CHF USD GBP CAD DEM ITL FRF JPY Avg
1973: 01 — 1999: 12 47.13 46.40 42.96 41.69 41.68 37.42 44.59 29.53 41.43
1973: 01 — 1986: 12 42.57 40.90 36.74 36.02 31.50 30.95 35.74 29.04 35.43
1988: 01 — 1999: 12 53.81 53.55 56.08 49.35 55.80 47.34 56.34 32.09 50.54
1987: 01 — 1987: 12 39.96 47.75 27.97 56.34 29.77 30.57 54.05 36.66 40.38
Volatility CHF USD GBP CAD DEM ITL FRF JPY Avg
1973: 01 - 1999: 12 16.51 15.06 20.43 16.67 16.97 25.49 21.82 18.25 18.90
1973: 01 — 1986: 12 13.98 15.26 22.78 17.33 14.97 27.19 23.18 14.04 18.59
1988: 01 — 1999: 12 16.94 12.42 14.61 14.40 16.89 23.23 19.26 21.67 17.43
1987: 01 — 1987: 12 31.46 30.64 37.89 28.43 31.39 21.81 26.86 23.27 28.97

Values are multiplied with 100 [%].
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Generally and in line with the findings of
KAPLANIS (1988), average rank correlation is
lower than linear correlation in all periods. At the
same time, similar to linear correlation, rank cor-
relation is also significantly higher in the period
after the crash than in the pre-crash period. In
1987, however, rank correlation is with 40.38%
hardly any different from the long-term rank cor-
relation of 41.43%. This seems to confirm that
outliers such as the crash in October 1987 only
have limited impact on rank correlation.

To summarise, there is preliminary evidence that
the interdependence among international stock
markets fluctuates widely over time and has
increased over the last three decades. It seems
that linear correlation increases in periods of
high market volatility, while rank correlation
seems to be less affected by extreme return fluc-
tuations.

4. Time-measured observations

The previous section gives preliminary evidence
that correlations fluctuate widely over time. Addi-
tionally, it is often stated that correlations increase
in periods of high market turbulence. Another of-
ten addressed question is whether the growth in
international capital flows and market integration
raised the general level of correlation in the past
30 years. Section 3 now investigates the comove-
ment structure of international equity markets in
more depth. It is shown that, similar to the ex-
pected rates of returns, correlations and vola-
tilities vary widely according to the particular data
window considered, that there is a positive rela-
tionship between correlation and volatility and
that average correlation has increased considera-
bly since the early seventies.

It is not easy to define an appropriate historical
analysis. Hence, in the first part of this section,
volatilities, covariances and correlations are esti-
mated on the basis of rolling windows. As this has
several disadvantages, the argumentation in the
second part is based on daily data.

4.1 Time-varying correlations: Rolling win-
dows

It has been recognised for a long time that the
sizes and signs of correlations often depend on the
sample period and the investment horizon chosen.
So, to start with, the computation of volatilities,
covariances and correlations is based on rolling
windows that include T preceding monthly returns
data. Figure 1 shows correlations, covariances and
volatilities for Switzerland and the United States
calculated for rolling windows with the length of
T = 36 months.

Any first inspection of the lines illustrated in these
graphs suggests that volatility, covariance and
correlation change through time markedly. In ad-
dition, it is obvious that the correlation structure
is extremely sensitive to extreme events such as
the October 1987 stock market crash. As soon as
October 1987 falls into the calculation period,
correlation increases dramatically and persists at
these high levels for the whole sampling period.
Looking at Figure 1 also gives evidence that cor-
relation tends to be higher in periods of high mar-
ket volatility. It seems that US and Swiss vola-
tilities and the correlation between them follow a
very similar pattern over time. It is indeed an often
noted stylised fact that there is not only a signifi-
cant positive relationship between volatility and
correlation, but that this relationship is even more
pronounced if volatility is high. In the literature,
there is also overwhelming evidence that correla-
tion and volatility are positively related.
LONGIN/SOLNIK (1995) find that their correla-
tion forecast increases in periods of high (condi-
tional) volatility. SOLNIK/BOUCRELLE/LE
FUR (1996) and DROBETZ/ZIMMERMANN
(2000) statistically verify the presumption that
markets tend to move more in parallel in high
volatility states using a regression approach. They
also find the hypothesis clearly confirmed. To sum
up, it seems that covariances increase faster than
variances.[3]

Figure 2 shows the effect of omitting outliers on
correlations and covariances between Switzerland
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Figure 1: Linear correlations and volatilities (LHS) and covariances (RHS) for Switzerland and the United States
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Figure 2: Linear correlations (LHS) and covariances (RHS) for Switzerland and the United States:

Extreme negative and positive monthly returns omitted
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Omitted outliers: Switzerland: 10.87 (~27.5%), 8.98 (-20.3%), 9.98 (-16.6%), 8.90 (-14.9%), 9.74 (-12.7%); 10.98
(18.3%), 1.75 (15.8%), 5.90 (12.3%), 2.91 (9.7%), 1.97 (9.2%); United States: 10.87 (-24.1%), 11.73 (-13.9%), 9.74
(-13.8%), 8.98 (-11.8%), 7.74 (-9.9%); 10.74 (15.8%), 1.87 (13.3%), 1.75 (12.6%), 10.98 (12.3%), 1.76 (10.7%).

and the United States. Inspection of the graphs
indicates that correlations and covariances are
generally lower in absence of these extreme
events. While this is especially distinct for the pe-

riod containing the October 1987 stock market
crash, it seems that the recent increase in correla-
tion is surprisingly hardly affected by the large
market movements in August, September and
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October 1998. Note that the effect of omitting
extreme negative and positive returns is more
distinct for the covariances as for the correlations.
In contrast to correlations, covariances are signifi-
cantly lower in the periods containing the oil
shocks in the early seventies, the October 1987
crash and the recent Asia and Russia crises.

To continue the analysis based on rank correla-
tion, Figure 3 compares rank and linear correla-
tion between Switzerland and the United States
and Germany, respectively. Overall, the picture is
very similar to the one with omitted outliers.
While rank correlation is quite stable over the
October 1987 stock market crash, it has increased
considerably and in line with linear correlation just
recently.

Stability of correlation matrices

An evaluation of changes in market correlation by
simply looking at average correlation coefficients

does certainly not allow conclusions that are sta-
tistically reliable with respect to the whole corre-
lation structure. To get a more reliable picture of
the stability of the correlation structure, the above
descriptive analysis is now complemented by a
statistical test for the stability of the correlation
matrices over time. Here, a first opportunity is to
construct confidence intervals. Confidence inter-
vals, however, are restricted to pairwise studies. A
better measure of the stability of the correlation
structure over time would involve all correlation
coefficients simultaneously. Therefore, the fol-
lowing analysis is based on the BOX-M test sta-
tistic, originally developed by BOX (1949). The
BOX-M test statistic is actually a joint test on the
equality of two or more variance-covariance ma-
trices, but not the correlation matrices. TANG
(1995), however, provides a theoretical extension
of the test so that it can be used directly for test-
ing the equality of correlation matrices, too. To
test the hypothesis that correlation matrices are
equal across time periods, the whole sample pe-

Figure 3: Rank correlations and linear correlations for Switzerland, the United States (LHS) and Germany (RHS)
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Table 4: Tests of equal correlation matrices (BOX-M test statistics)

One-year sub-periods

7374 { 7475 | 75-76 | 7677 | 77-78 | 78-79 | 79-80 | 80-81 | 81-82 | 82-83 | 83-84 | 84-85 | 85-86
2.42 2.81 2.93 2.4 2.11 2.03 2.66 2.80 2.06 1.59 2.24 2.67 2.64
86-87 | 87-88 | 88-89 | 89-90 | 90-91 | 91-92 | 92-93 | 93-94 | 94-95 | 95-96 | 96-97 | 97-98 | 98-99
3.49 342 3.00 331 3.27 2.65 2.14 2.48 2.65 2.50 297 3.93 4.19
Average 2.75 Maximum 4.19 Minimum 1.59
Three-year sub-periods
73/75-76/78 | 76/78-79/81 | 79/81-82/84 | 82/84-85/87 | 85/87-88/90 | 88/90-91/93 | 91/93-94/96 | 94/96-97/99
7.99 7.15 7.74 10.70 13.30 10.76 8.66 13.33
Average 9.96 Maximum 13.33 Minimum 7.15

F-value: (approximately) 1.57 (5% significance level).

riod is divided into 27 one-year and 9 three-year
periods. The results are reported in Table 4.

The BOX-M test statistics indicate that correla-
tion matrices are statistically significant unstable
over time (F-values between 1.59 and 4.19 for
one-year sub-periods and 7.15 and 13.33 for three
year sub-periods, respectively).[4] In addition, the
results show that the shorter the time period con-
sidered, the greater the degree of stability in the
correlation matrices.

In the literature, a number of different test statis-
tics are applied. KAPLANIS (1988) studies the
stability of correlation and variance-covariance
matrices of monthly returns of ten markets over a
fifteen-year period (1967-1982). Using BOX and
JENRICH (1970) tests, she can not reject the null
hypothesis that the correlation matrix is constant
over two adjacent sub-periods, even though at the
15% level. In contrast, variance-covariance matri-
ces are found to be much less stable.[5] Other
studies such as SHAKED (1985) and HEPP
(1990) test the equality of correlations restricted
to pairwise studies. In contrast to the findings pre-
sented here, they both find a positive relation be-

tween the stability of the sample correlations and
the investment horizon. In other words, their re-
sults indicate a higher degree of stability over
longer periods than shorter ones.[6] Thus, it seems
that testing correlation coefficients pairwise and,
on the other hand, testing entire correlation matri-
ces yields completely different and opposite re-
sults. This raises the question of which approach
is more appropriate. Testing for the entire vari-
ance-covariance and correlation matrices avoids
the problem of ambiguity created when some pairs
of markets show stable relationships while other
markets have unstable comovement patterns.
However, using a single, entire matrix may reflect
double counting, which will not happen in pair-
wise studies. Nonetheless, as the analysis pre-
sented here concentrates only on the contempo-
rary relationships and ignores any lead-lag struc-
ture, the advantages of using matrix-wide com-
parison seem to outweigh the disadvantages.
Overall, it thus seems that structural movements
appear to be slight (but statistically significant) on
a year-to-year basis, but more pronounced in the
long run.
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4.2 Time-varying correlations: Daily data

So far, the computation of volatilities, covariances
and correlations was based on rolling windows
that included T previous monthly returns data.
However, one major disadvantage of the use of
moving averages is that the resulting time-series
are heavily autocorrelated and thus difficult to
handle in further econometric analysis. In order to
overcome this difficulty associated with the use of
overlapping samples, SCHWERT (1989) and
FRENCH/SCHWERT/STAMBAUGH (1987) es-
timate the monthly standard deviation of stock
returns using daily returns. They argue that using
non-overlapping samples of daily creates an esti-
mation error that is uncorrelated through time. In
addition, since volatilities are not constant over
time, they emphasise that a more precise estimate
of the standard deviation for a particular month is
obtained by using only returns within that month.
Their argumentation, however, is solely based on~
volatilities and not on covariances or correlations.
Yet, investigating international dependence struc-
tures founded on daily data causes one major

problem. Namely, national stock markets are
opening in diverse time zones with different
opening and closing times, thereby making return
observations non-synchronous. Thus, daily returns
reflect information revealed over different time
intervals.

To control for the fact that markets in different
countries are not open during the same time,
FORBES/RIGOBON (1999) propose to use roll-
ing-average, two-day returns. Thus, the remaining
part of Section 4 is based on rolling-average, two-
day return series that are chopped into monthly
blocks within homoskedasticity is assumed.

Figure 4 shows the monthly return series and the
corresponding time-series of volatilities for Swit-
zerland and Japan, calculated based on daily
data and sampled for monthly periods. In Swit-
zerland, especially the large price movements
during the early seventies, the October 1987 stock
market crash and the Asian and Russia crises
in 1998 caused volatility to rocket. In Japan,
the nineties were generally very volatile. In ge-
neral, the volatility clustering patterns are only
apparent.

Figure 4: Returns and volatilities for Switzerland (LHS) and Japan (RHS)
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Figure 5: Covariances between Switzerland and United States (LHS), and Germany (RHS)
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Figure 6: Average correlation for Switzerland — monthly sampled (LHS).
Average correlation for Switzerland, United States, United Kingdom, Germany and Japan — yearly sampled
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Similar, Figure 5 shows the return series for the
Swiss market and the covariances between Swit-
zerland and the United States and Germany, re-
spectively. Here the peak in October 1987 is very
distinct and thus indicates that the October 1987
stock market crash was indeed a exceptional oc-

currence, at least within the sample period starting
in 1973. Figure 5 also seems to give some pre-
liminary evidence that the covariances increased
over the last decade.

Figure 6 plots (equally weighted) average correla-
tion for Switzerland and, still based on daily data,
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but sampled for yearly periods, average correla-
tion for Switzerland, United States, United King-
dom, Germany and Japan. It is evident that the
estimates of average correlations are very volatile,
reaching levels as high as 0.8 and as low as —0.1.
Moreover, the smoothed series shows that there is
a distinct upward shift in average correlation and
that average correlation is strongly synchronised
across the countries. Again, Figures 5 and 6
strongly indicate that variances, covariances and
correlations are unstable over time.

4.3 Is there a time-trend?

It is often stated that the progressive removal of
impediments to international investment, as well
as the growing political, economic and finan-
cial integration positively affected international
market linkages. In order to investigate whether
correlation (and volatility) exhibited such a
positive time-trend, simple least-squares lines
were fitted over the total sample period
(January 1973 to December 1999) for monthly
sampled, daily data. The results are reported in
Table 5.

Table 5 indicates that, in average, there is no time-
trend in volatilities. In contrast, however, average
correlations have significantly increased for all
countries. Here, the highest increase is measured
for Japan (plus 40.86%) and the lowest for
Germany (plus 26.11%). Average correlation for
Switzerland increased a 35.35% since January
1973. On the whole, average correlation increased
almost 40% over the last three decades. These
results are fully in line with the findings presented
in LONGIN/SOLNIK (1995). While they do not
find a secular increase in expected market
volatility, they find an average increase in
conditional correlation of 36% over the period of
1960 to 1990. On the other hand, they also claim
that such a constant linear trend is not consistent
with the definition of a correlation coefficient.
While this is certainly true, there exists no theory
of the exact form of other forms for time-trends.
SOLNIK/BOUCRELLE/LE FUR (1996) also fit
simple least-squares lines over their total sample
period. They conclude that there is no trend easy
to identify in their samples. However, as they
work with rolling windows and thus with heavily
autocorrelated time-series, their results should be
interpreted with caution.

Table 5: Time-trends: (Equally weighted average) correlation and volatility

GBP

Correlation CHF USD CAD DEM ITL FRF JPY Avg
B 1.091* 1.181* 1.112* 1.023* 0.806* 0.866* 0.996* 1.261* 1.229%
Total 35.35% 38.26% 36.03% 3315% 26.11% 28.06% 32.27% 40.86% 39.82%
Volatility CHF USD GBP CAD DEM ITL FRF . JPY Avg
B 0.148*>  0.066  -0.277* -0.035 0.190* -0.073  -0.092  0.306* 0.012
Total 4.80% 214% -897% -113% 6.16% —298% 9.91% 0.39%

-2.37%

Sample: 1973: 01 — 1999: 12. B multiplied with 1000. * Significant at the 5% level. Heteroskedasticity and autocorrela-
tion consistent standard errors and covariances (according to NEWEY-WEST (1987)).
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5. Event-measured observations

The previous section demonstrated that inter-
national correlation increases in periods of high
market turbulence, irrespective of the direction of
the markets. In addition, however, it is often
claimed that the correlation structure of large
returns 1s asymmetric, that is, international
correlation of large negative stock returns differs
from that of usual or positive returns. To put it
more precisely, correlation is said to be highest in
periods of extremely volatile down or bear
markets.

The purpose of Section 5 is therefore to
investigate whether correlation between inter-
national stock markets really exhibits systematic
characteristics with respect to the direction of
their movements.[7] Since return distributions are
not multivariate normal, the usual standard de-
viation and correlation of returns do not provide
sufficient information. Thus, additional infor-
mation is now gained by focusing directly on the
properties of extreme returns, that is, by focusing
directly on the tails of the return distributions. In
practical application, however, this raised the
question of how exactly an (extreme) event on
financial markets is defined. In any case, the
literature provides no clear answer.

5.1 Correlation breakdown

It is widely argued that when one equity market
dives, so, generally, do others. In other words,
correlations tend to 100% as volatility rockets and
the markets crash. This pattern of extreme syn-
chronised rises and falls in financial markets is
then, according to BOYER/GIBSON/LORETAN
(1999), termed ‘correlation breakdown’. If returns
are drawn from a symmetric distribution such as
the multivariate normal distribution, however, cor-
relations in up and down markets should be indis-
tinguishable from each other. For this reason, the
usual measure of linear correlation represents av-
erage comovement in both up and down markets.

It was already shown above, however, that returns
are not symmetric but skewed to the left. Thus,
only separate correlation estimates in different
return environments permit detection of whether
correlation increases or decreases in down
markets.

ERB/HARVEY/VISKANTA (1994) use a semi-
correlation analysis to examine whether correla-
tion coefficients are different when the data are
segmented by ex-post returns.[8] In doing so, they
calculate correlations for months with below-
average return (negative semi-correlation) and for
months with above-average performance (positive
semi-correlation). In other words, a month is clas-
sified as up/up if for a specific pair of countries
both market returns are above average, while a
down/down market is defined as a month where
both returns are less than average. Clearly,
under the assumption of symmetric return dis-
tributions, there is no statistical reason why re-
turns above the mean should have a different cor-
relation from the returns below the mean. How-
ever, their empirical findings indicate that down
correlations are substantially higher than up cor-
relations.

LONGIN/SOLNIK (1998), on the other hand, use
the results of ‘extreme value theory’ to model the
multivariate distribution of large returns for
monthly data from 1959 to 1996 for the five
largest stock markets (United States, United
Kingdom, France, Germany and Japan). They find
in a bivariate framework that the correlation of
large negative returns (that is, more precisely, that
the returns of both countries are below a given
threshold) is much greater than normality would
suggest. In contrast, they find correlation between
the US and the other four markets not incon-
sistent with the assumption of multivariate nor-
mality for large positive returns. They thus con-
clude that the benefits of international risk reduc-
tion in extremely volatile periods have been over-
stated.

A third example is given in CHOW/JAC-
QUIER/KRITZMAN/LOWRY (1999). They in-
troduce the vector distance from multivariate av-
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erage as a measure for identifying multivariate
outliers. Hence, a multivariate outlier represents a
set of contemporaneous returns that is collectively
‘unusual’ in the sense that either the performance
of an individual asset or the interaction of a com-
bination of assets is ‘unusual’.

What actually is an (extreme) event on financial
markets?

Both ERB/HARVEY/VISKANTA (1994) and
LONGIN/SOLNIK (1998) implicitly assume an
extreme event to be associated with returns being
at the same time below a predetermined threshold
for both countries. Yet, is this actually a relevant
extreme event for international investors? One
might argue that if the returns in both countries
are already below a certain level, the aim of di-
versification is already missed. It is exactly the
imperfect correlation that should help to avoid
those uncomfortable situations with both markets
diving. But if such a situation is already present,
no investor is any more interested in any cor-
relation.

Using their definition of an extreme event, a sec-
ond difficulty arises, too. How can those events be
interpreted where one market is up and the other
market is down and where, consequently, correla-
tion is negative?

The approach of estimating multivariate outliers
as suggested by CHOW/JACQUIER/KRITZ-
MAN/LOWRY (1999) is also difficult to justify.
Their definition of stress as periods that are un-
usual (that is, possibly containing extreme nega-
tive and positive returns) raises the question
whether investors are actually equally risk-averse
to negative and positive (multivariate) outliers?
The answer here is most definitely no. Altogether,
it seems important to properly define what and
why a certain situation on financial markets is ac-
tually (exogenously) classified as a stress event.
Thus, the following analysis is based on the fol-
lowing two (different) definitions of an (extreme)
event:

1. An (extreme) event for an investor in country j
is given when the monthly return of stock
market j exceeds an (exogenously) given
threshold.

2. An (extreme) event for an investor in country j
is given when the monthly return of a world
market portfolio exceeds an (exogenously)
given threshold.

While the first definition avoids the difficulties
associated with the above discussed approaches
suggested by ERB/HARVEY/VISKANTA (1994),
LONGIN/SOLNIK (1998) and CHOW/JAC-
QUIER/KRITZMAN/LOWRY (1999), respecti-
vely, the second definition seems to be particularly
suitable for investors already internationally diver-
sified.

5.2 Empirical evidence

Based on the above given definitions, the remain-
ing part of this section now presents the empirical
findings for the selected countries.

Correlation breakdown: Based on daily data

A first opportunity is to consider monthly vola-
tilities, covariances and correlations computed
based on monthly sampled, daily data as mtro-
duced in the previous section. Figure 7 plots
Swiss volatility and average covariance versus
Swiss returns. The asymmetry of the volatilities
and the covariances due to the impact of extreme
negative returns is only apparent. Clearly, the
most negative return belongs to the October 1987
stock market crash. This was the month when
both volatility and covariance peaked.
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Figure 7: Volatility (LHS) and (equally weighted) average covariance (RHS) for Switzerland versus Swiss returns
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Figure 8: Average correlation for Switzerland (LHS) and the United States (RHS) versus the respective returns
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The graphs plot fitted locally weighted polynomial regressions (monthly sampled).

Figure 8 now extends the analysis to (equally
weighted) average correlation for Switzerland and
the United States. Similar, but to a less degree,
the asymmetry of correlation is also apparent.

To summarise, the above presented analysis is
quite sensitive to some individual (extreme) ob-

servation pairs. These are, of course, inherent to
financial markets and should therefore not be dis-
missed as special cases. Accordingly, the follow-
ing analysis now focuses directly on the tails of
the monthly return distributions.
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Correlation breakdown: Based on monthly data

The first part of the following section is based on
definition 1, namely that an (extreme) event for an
investor in country j is given when the monthly
return of stock market j exceeds an (exogenously)
given threshold. More formally, for country j the
conditional correlation is calculated as follows:

Q<g<§:
E[(rj —Hj’9<fj <8 L=l )] (1)

\/E.(fj—uj)z E(ri_ui)z

Pi

Q<rj<§_

with 8 = —o for

0 = —8%(1),~6%(2),~4%(3),~2%(4),0%(5)

and 0 = +oo for
0=0%(6),+2%(7),+4%(8),+6%(9),+8%(10) .[8]

Figure 9 now shows the correlation between Swit-
zerland, the United States and Japan with each of
these three markets once being the home market.

In the case of Switzerland being the home market
(A), correlation between Switzerland and Ger-
many increases with negative returns and de-

Figure 9: Conditional correlation coefficients Swiss (A), US (B) and Japanese (C) markets as home markets, and
confidence intervals (D) for correlations between Switzerland (home market) and Germany for empirical and si-

mulated multivariate normally distributed returns
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Figure 10: Conditional (equally weighted) average correlation coefficients: Swiss (LHS) and US (RHS) markets as
home markets: Empirical and simulated multivariate normally distributed returns

200 70

150

100

Number of observations
uo|l8[8LI0D

50

----- N_CHF
COR_CHF_AVG

———COR_CHF_AVG_ND

200

150 ]

Number of observations
uo[w|enod

50 4

=== COR_USD_AVG_ND

..... N_USD
COR_USD_AVG

The numbers at the bottom of the graphs correspond to the ones indicated in (1). N: Number of observations. ND: Normal

distribution.

creases with positive returns. Correlation between
Switzerland and the United States, however, is
both higher when returns are very low or very
high. The picture of the correlation between Swit-
zerland and Japan, however, is very distinct to the
one just described for the US market. Here, cor-
relation approximately peaks in the middle of the
return distribution and is lowest at both ends of
the distribution.

The picture for US investors with the US market
as home market (B) is worse, however. Here, the
lower the returns, the higher the correlations. In
distinct contrast, Japanese investors are in a safe
position. For the Japanese market as home market
(C), correlations are lowest the more extreme the
returns are, irrespective of their direction.

Turning to the question of statistical significance,
Figure 9 also plots confidence intervals for the
correlations between Switzerland and Germany,
for both based on the empirical and simulated
multivariate normal distributions (in each case the
Swiss market as home market). Inspection of the
graph (D) indicates that correlations for negative
returns are significantly different from the respec-
tive correlations calculated for simulated multi-
variate normally distributed returns. Due to the
small number of observations, however, the sta-

tistical significance disappears for correlations cal-
culated in the case of the Swiss market being be-
low the —8% threshold.

Figure 10 shows (equally weighted) average em-
pirical correlations for Switzerland and the United
States, but also graphs the respective average cor-
relations for simulated multivariate normally dis-
tributed returns. As indicated in LONGIN/SOL-
NIK (1998), if all correlation coefficients between
any two components of a multivariate normal pro-
cess are strictly lower than one (in absolute
value), then the components of the maximum tend
to independence. In particular, the asymptotic cor-
relation of extreme returns is then equal to zero.
Inspection of Figure 10 clearly confirms this issue.
Here, in contrast to the normal distribution, aver-
age correlation for the Swiss market as home
market is again higher for extreme returns, irre-
spective of their direction. This is again com-
pletely different for the US market. Here, average
correlation tends to decrease with the absolute
size of the threshold for positive returns, as ex-
pected in the case of multivariate normality, but
tends to increase for negative returns. Hence, the
probability of having large losses simultaneously is
much larger than would be suggested under the

| assumption of multivariate normality.
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The final part of Section 5 is now based on defini-
tion 2 of an extreme event, namely that an ex-
treme event for an investor in country j is given
when the monthly return of a world market port-
folio (here approximated by the MSCI-World In-
dex in local currencies) exceeds an exogenously
given threshold. More formally, for country j the
conditional correlation is calculated as follows:

Pi; I_G_ <Tyouq < 0=
E[(rj - MJ—‘Q <Twong < éxfi —U )]

JE _(rj —H; )Z1Q <Tyog < 6\/%41(1] —H )2J

)

The results for the Swiss, the US and the Japa-
nese market are depicted in Figure 11. While both

Figure 11: Volatilities, covariances and (equally weighted) average correlations for Switzerland (A,B), United

States (C,D) and Japan (E,F): World market down
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volatilities and average covariances are given on
the left-hand side (A,C,E), average correlations
are shown on the right-hand side (B,D,F) of Fig-
ure 11. For the US and the Japanese markets,
there is hardly any difference to the previous
analysis. In the case of the Swiss market, how-
ever, the picture slightly worsens. Using the
second definition, average correlation now de-
creases similar to the US market when returns in-
crease.

Implications for Asset and Risk Management

The main purpose of Section 5 was to investigate
the asymmetric correlation structure of large re-
turns. Using two different definitions of an ex-
treme event, the empirical results clearly indicate
that the correlation structure of large returns is
asymmetric. Generally, the most asymmetric mar-
ket is the US market. Here, correlation is highest
for large negative returns and lowest for large
positive returns. So the probability of having large
losses simultaneously is much larger than would
be suggested under the assumption of multivariate
normality. While the Swiss market also shows sig-
nificant higher correlation for large negative re-
turns, correlation is also quite high for large posi-
tive returns. However, a completely different pic-
ture evolves for the Japanese market. For both
extreme negative and positive market movements,
average correlation tends to be zero or even
negative.

Overall, while these results are bad news for Swiss
and US risk managers primarily concerned with
the left tail of the return distribution, they are
good news for Japanese risk managers.

The argument that correlation is positively related
to the direction of the market is potentially very
important for at least three reasons. First, it has
important implications for both asset allocation
decisions and risk management. If correlations are
higher during bear markets than during bull mar-
kets, and bear market moves are greater than bull
market moves, this would suggest that the benefits

of international diversification are less impressive
than conventional wisdom predicts. It is in periods
of extreme negative returns that the benefits of
international risk diversification are most desired
and that the question of international correlation is
most relevant to risk-averse agents. Second, what
appears in normal circumstances to be a good
hedge might become with an increase in correla-
tion a very good hedge, or, might lead to a dou-
bling-up of the respective position. Consequently,
it may help explain the ‘equity home bias’ puzzle,
arguably one of the most important puzzles in in-
ternational finance.[9]

6. Optimal portfolios from event-varying vari-
ance-covariance matrices

According to MARKOWITZ (1952), one of the
inputs required by investors seeking to hold effi-
cient (internationally diversified) portfolios is an
ex-ante estimate of the variance-covariance matrix
of the stock market returns. However, the use of
ex-post covariance measures as proxies of the ex-
ante measures is only justified if the international
dependence structure is stationary and if returns
are multivariate normal. Yet, the previous sections
show that both assumptions fail in reality. Even
worse, the instability is particularly distinct in pe- -
riods of extremely volatile bear markets. Conse-
quently, the common use of constant variances
and covariances in global asset allocation within a
mean-variance optimisation framework might lead
to sub-optimal portfolios. In the same way, if the
portfolios can not withstand exceptional periods
of market turbulence, they may even not survive
and thus can not generate long-term performance.
Therefore, portfolios need to be constructed on
the basis of carefully estimated variance-
covariance matrices. Here, a number of estimation
methods have been developed in the literature.
The following section, however, is restricted
to a method recently proposed by CHOW/
JACQUIER/KRITZMAN/LOWRY (1999). They
propose to compute two separate variance-
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covariance matrices, one for normal observations
to represent a quiet risk regime, and the other
from outlier observations to represent a stressful
regime. Their approach is then to blend both vari-
ance-covariance matrices into a single one, hereby
accounting for different risk aversions and, possi-
bly, assigning the outlier sample a greater prob-
ability than its empirical frequency. Based on the
above given definition 2 of extreme events (i.e.
risk regimes), the following section extends their
procedure to more than two risk regimes.

To identify optimal portfolios based on investors’
attitude toward k different risk regimes, the full-
sample variance-covariance matrix can be re-
placed by

X
zpizi )
i=1

where p; is the probability of falling within risk re-
gime i and sums to unity. Substituting these vari-
ance-covariance matrices into the standard equa-
tion for expected utility E[U] of a portfolio with a
weight vector w yields

3)

EUl=wTi-AMp wE,w+..+p, wE W] @

where A equals risk aversion to full-sample risk.
Equation (4) expresses views about the respective
probabilities of the different risk regimes, but it
assumes that investors are equally risk-averse to
all risk regimes. To differentiate the risk aversion
to different risk regimes, the latter are assigned
values that reflect the respective relative risk aver-
sion. These values are then rescaled so that they
sum to 2 according to

2,

1
A,
i=1

Finally, the probability-weighted variance-cova-
riance matrices are multiplied by their respective
rescaled risk aversion parameters, resulting in

X, =

&)

E[U]= - A p %S, & +...+ X,p, W', 7] p

= wi-AwE W] :

with

= i?&:pi):i .

i=1l
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Table 6 shows the characteristics of two standard
mean-variance optimal portfolios based on full-

Table 6: Optimal portfolios from blended and full-sample variance-covariance matrices

Risk regimes i 1 2 3 4 5 6 7 8 9 10
Risk aversion 7\; 0.568 0.620 0.665 0.146 0 0 0 0 0 0
Probability p; 1.40% 1.71% 4.98% 10.12% 19.00% 31.46% 1822% 872% 296% 1.40%
Mean Max Min Volatility Skew- Kurtosis Jarque-Bera  Prob.
(ann.%) (%) (%) (%) ness
Full-sample 6.00 10.05 -19.05 13.24 -1.07 6.86 262.07 0.000*
Blended X* 6.00 15.65 -14.22 15.48 -0.21 3.99 15.54 0.000*
Portfolio weights CHF USD GBP CAD DEM ITL FRF JPY
Full-sample X 12.4% 15.0% -12.5% 38.8% 33.4% —4.6% -18.4% 36.0%
Blended =* -3.9% 47.1% -18.3% 36.7% —2.9% -17.0% -2.6% 61.0%
The numbers defining the different risk regimes correspond to the ones indicated in (1).
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sample risk parameters and blended risk para-
meters under the following assumptions: Firstly,
the portfolios” expected return is 6% p.a. and the
mean returns for the markets correspond to the
ones given in Table 1 (in both cases), secondly,
the probabilities of falling within risk regime i
correspond to the empirical ones, and, finally, the
risk aversion parameters are not chosen arbitrarily,
but optimised such that the minimum monthly
return observation is maximised (the least
negative) and all A; are positive (in order to ensure
risk aversion).

The results indicate that the resulting portfolio
based on the full-sample variance-covariance
matrix is skewed to the left and heavy-tailed.
Also, the minimum monthly portfolio return is
with —19% quite low. In contrast, the second
portfolio based on the blended risk parameters is
only slightly skewed to the left and hardly heavy-
tailed. The minimum monthly portfolio return is
with —14% still low, but definitely higher than in
the first portfolio. Looking at the respective
rescaled risk aversion parameters A, it can be
seen that only the first four risk regimes are
relevant for the calculation of the portfolio. Of
course, these correspond to the left tail of the
return distribution. Not surprisingly, the com-
position of the optimal portfolio shifts such that
the second portfolio is (more) heavily exposed to
the Japanese stock market.

As a result, it thus seems that constructing a
portfolio that is almost normally distributed (and
hence without negative outliers) corresponds to
assuming high risk aversion towards stress periods
such as defined in the events 1 to 4. It can thus be
concluded that a variance-covariance matrix esti-
mated or blended from stress events better char-
acterises a portfolio’s riskiness during market tur-
bulence than a full-sample variance-covariance
matrix. In other words, mean-variance optimisa-
tion based on a blended variance-covariance ma-
trix produces portfolio strategies with realised
returns that have less downside risk exposure than
those determined using a full-sample variance-
covariance matrix, without sacrificing expected

return. Overall, the results support the use of
downside-risk approaches to investment decisions
which focus on return dispersions below a speci-
fied target or benchmark return as proposed by
HARLOW (1991). These measures are attractive
because they are likely consistent with investors’
perception of risk. Specifically, optimisation based
on downside measures produce portfolio strate-
gies with realised returns that have less downside
risk exposure than those determined using vari-
ance.

7. Conclusion

It is concluded that international equity market
returns are not multivariate normally distributed
since there are too many extreme (negative)
observations. While this is a well-known pheno-
menon, it is nonetheless one reason causing
correlation to be unstable over time. Indeed, using
the BOX-M test statistic, it is underlined that
correlation matrices exhibit large jumps through
time. There is also overwhelming empirical evi-
dence that average correlation (and hence sy-
stematic risks) almost increased 40 percent since
the early seventies. In addition, it is revealed that
correlation and volatility are positively related. By
turning directly to the tails of the return distri-
butions, it is pointed out that the correlation struc-
ture of large returns is asymmetric. Using two
different definitions of extreme events, the empi-
rical findings suggest that the most asymmetric
market is the US market. Correlation for the US
equity market is highest for large negative returns
and lowest for large positive returns. While the
Swiss market also exhibits higher correlation for
large negative returns, correlation seems to be
also high for large positive returns. A completely
different picture evolves for the Japanese stock
market, however. For both extreme negative and
positive market movements, average correlation
tends to be zero or even negative, which is in fact
in line with the behaviour of simulated multi-
variate normally distributed returns.
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Clearly, most of the results are bad news for risk
managers and internationally diversified investors.
The continuously changing correlation pattern
makes it very difficult to select an ex-ante optimal
investment strategy. In addition, the observed
general increase in correlation eroded the advan-
tage of international risk diversification more and
more. Last but not least, since there is a positive
link between correlation and market volatility, in-
vestors and risk managers do not get the full
benefits of international risk diversification in ex-
actly those situations when most desired, namely
in high volatility regimes associated with negative
returns.

Finally, it is suggested that variance-covariance
matrices estimated from different risk regimes
provide a better representation of a portfolio’s
riskiness during periods of market turbulence than
a variance-covariance matrix estimated from the
full-sample of observations. This supports the use
of downside-risk approaches to investment de-
cisions.
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Footnotes the correlation is, extreme events appear to occur inde-
pendently. In particular, the asymptotic correlation of
extreme returns is then equal to zero.

[4] Not surprisingly, the most unstable one-year periods are

[1] The stock market price indices are collected from DA-
TASTREAM. KAPLANIS (1988) shows that the re-

sults do not depend on whether returns are expressed in
terms of excess returns, in terms of local or a unit cur-
rency or in terms of nominal or real returns. In con-
trast, SOLNIK/BOUCRELLE/LE FUR (1996) show
that correlations tend to be higher for local-currency
returns than for dollar returns, as foreign currencies
bring an element of diversification to domestic portfo-
lios.

[2] For desired properties of dependence measures see

EMBRECHTS/MCNEIL/STRAUMANN (1999a). There,
they point to an alternative approach to understanding
and modelling (more complex) dependence structures,
namely copulas. Copulas represent a way of trying to
extract the dependence structure form the joint distri-
bution and to extricate dependence and marginal be-
haviour. This concept, however, is not discussed any
further in this study.

[31 KAROLYVSTULZ (1996), but particularly FOR-

BES/RIGOBON (1999) and BOYER/GIBSON/LORE-
TAN (1999), however, claim that linear correlation is
conditional on volatility and for this reason biased if
computed across different volatility regimes. In other
words, they argue that linear correlation is conditional
on market movements over the time period under con-
sideration, so that during a period of turmoil when
stock market volatility increases, standard estimates of
linear correlation will be biased upwards. Moreover
they quantify the bias and propose an adjustment to the
linear correlation coefficient. Yet, it is necessary to
critically examine the notion of ‘conditioning’. Par-
ticularly in the analysis of FORBES/RIGOBON (1999),
conditional refers to a certain sub-sample, that is, a pe-
riod that is chronologically contiguous. Conditioning
one return series to a sub-sample that is chronologically
contiguous, however, implicitly conditions the other
return series to the same chronologically contiguous
sub-sample at the same time. If both return series are
conditioned at the same time, their proposed adjust-
ment is no longer valid. To put it another way, note
that within any chronologically contiguous time period
there is only one (true) correlation between two mar-
kets. Thus, their adjustment should (but does not) yield
the same adjusted correlation irrespective of whether
one market or the other market is conditioned. In addi-
tion, their approach is in contradiction to LON-
GIN/SOLNIK (1998) and EMBRECHTS/MCNEIL/
STRAUMANN (1999b). There they show that if all
correlation coefficients between any two components of
a multivariate normal process are strictly lower than
one (in absolute value), then, regardless of how high

the ones containing the October 1987 stock market
crash (F-values of 3.49 and 3.42) and the recent Asia
crisis (F-values as high as 3.93 and 4.19). This indi-
cates that extreme negative and positive return obser-
vations have a negative impact on the stability of cor-
relation matrices.

[5] Tests not reported here showed that, applying the BOX-

M test statistic to variance-covariance matrices, vari-
ance-covariance matrices are less stable than correla-
tion matrices. The corresponding F-values are conse-
quently higher than those given in Table 4 for correla-
tion matrices. This is also in line with the results pre-
sented in LONGIN/SOLNIK (1995) and TANG (1995).
They also find variance-covariance matrices to be less
stable than correlation matrices.

[6] As their estimates of the correlation structure become

more reliable with increasing time horizons, they con-
clude that the use of correlation estimates seems only
appropriate if it serves the purpose of determining long-
term rather than short-term asset allocation strategies.
Their conclusion thus supports the practical use of
mean-variance models as devices for determining ex-
ante optimal international portfolios in the long run.
This conclusion is clearly opposite to the findings pre-
sented here. These in fact suggest that the selection of
an ex-ante optimal investment strategy is even more
difficult to identify for a long-term investor than for a
short-term investor.

[7] Note that the purpose of this section is neither to pro-

vide an explanation nor to give an overview of the ex-
isting literature of any particular episode of stock mar-
ket behaviour such as the October 1987 stock market
crash, the recent Asia crisis or the oil crises in the early
seventies, to name just the most impressive.

[8] The numbers given in the brackets relate to the de-

scription of the axes of the following graphs.

[9] Already LESSARD (1974) argues that in a world of no

transaction costs, homogeneous expectations, equiva-
lent internal and external purchasing power of curren-
cies, and independence between exchange rate varia-
tions and stock prices, it would be reasonable that all
investors hold the world market portfolio of risky secu-
rities. However, there is overwhelming empirical evi-
dence that investors hold portfolios which are heavily
weighted towards domestic assets instead of the world
market portfolio.
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