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An Empirical Study of Correlation and Volatility Ch anges of Stock
Indices and their Impact on Risk Figures
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Abstract: During world financial crisis it became obvious ttltdassical models of portfolio theory
significantly under-estimated risks, especiallyhniegard to stocks. Instabilities of correlatiomsl a
volatilities, the relevant parameters charactegziisk, led to over-estimation of diversification
effects and consequently to under-estimation dsrisn this article, we analyze the relevant risk
parameters concerning stocks during different ntapkeiods of the previous decade. We show that
parameters and risks significantly change with rebgeriods and find that the impact of fluctuations
and estimation errors is ten times larger for \Viifigs than for correlations. Moreover, it turngto
that diversification between sectors is more effitithan diversification between countries.
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1. Introduction

Efficient risk management and portfolio optimizati@re central tasks of the
financial sector but are also important for privateestors. In this context, asset
allocation aims to share a given amount of moneymadly between different
assets, considering the crucial parameters of éxgeeturn and possible loss. Of
particular importance is the diversification betwekfferent stock indices.

The model by Markowitz (1952) represents a milestondevelopment of modern
theories in the area of risk management and partfoptimization and was
rewarded the Nobel prize in Economics in 1990. Aditg to this model, any
investor should put his money into efficient padiitie only, i.e. portfolios which

have the smallest risk for a given return defingdtie investor, or portfolios
having a maximal return for a predefined acceptable The risk of the portfolio
is given by its volatility, i.e. the standard ddioa of its returns. Correlations
between the assets may decrease the risk for tbealbyortfolio significantly

compared to investments into single assets.
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As shown in numerous works strategic asset allocatiakes up for the majority
of performance of an investment. Brinson/Hood/Beedo(1986) and Brinson/
Singer/Beebower (1991) quantify the influence as%9Qo 94%, while
Ibbotson/Kaplan (2000) give values between 82% &8, both demonstrating
significance of strategic asset allocation. Addigibfactors, such as timing and
strategy realization, are only of minor importance.

Reliable estimation of the relevant parametersrétirn, volatility and correlation,
is of major importance for optimal portfolio seliect as well as risk management
and therefore future success of the investmente@ifit studies show that return is
the most important parameter in the Markowitz mod&hopra/Ziemba (1993)
demonstrates that, for mean tolerated risk leweieng return estimators have an
eleven times larger impact than wrong risk estimgato Analogously,
Kallberg/Ziemba (1984) and Schéfer/Zimmermann (}9@®monstrate that
estimation problems in the Markowitz model are ryaielated to the return.

Nevertheless, the current situation at the findroiarkets shifts the focus on the
risk perspective. Volatilities and correlations osigly increased during the
financial crisis, as reflected by increased risk mbaers.
Zimmermann/Drobetz/Oertmann  (2002) named this effetCorrelation
Breakdown”. Campbell/Forbes/Koedijk/Kofman (2008yee described this
phenomenon initially as “Diversification MeltdownQbvisiously, volatilities and
correlations of different assets are positivelyrelated in times of crisis, and the
diversification approach does not work - in paficuwvhen required to prevent
losses.

In this paper, we empirically analyze the effectscloanging parameters to risk
figures of stock indices during different marketipds. This is done by means of
daily and monthly market data. To this end, thelte®y risk numbers for different
market periods are compared. From the results @& donclusions on stability of
diversification effects and risk estimators in elaal portfolio theory. We are able
to show that risks are significantly under-estirdatespecially if historical mean
values are used as parameter estimators. Besidedjnd/ that the impact of
fluctuations and estimation errors is ten timegdarfor volatilities than for
correlations. Additionally, we determine how the$icts influence diversification
between countries and between sectors, demongtridat diversification effects
are more stable between the latter.

2. Classical Portfolio Theory

The model by Markowitz (1952) represents a milestmndevelopment of modern
theories in the areas of risk management and piortiptimization. It assumes the
existence of N assets with normally distributedimet; for the i-th asset. Optimal
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selection of the portfolio weightsof, ®,,... , @wy) IS intended where; is the
fraction which is invested into asset i.

Up to now, the Markowitz model is broadly used mmwestors to optimize
portfolios and control risks. The crucial parametfar portfolio selection are the
expected return of the portfoliop(rand the risk of the portfolio, which is defined
by the standard deviatiobd). According to Markowitz theory efficient portfols,
which are attractive investments, should have abioation (b, op), Which is not
dominated by a portfolio with smaller standard dé&en for the same return or a
portfolio with a larger return for the same stamdaeviation.

The consideration of correlation effects offers #awantage that investments into
assets, which seem to be disadvantageous on #tesight, may decrease the
overall risk of the portfolio. This is e.g. illuated by a portfolio containing 80% of
an asset with an expected return of 5% and a litfati 3% and 20% of a more
risky asset having an expected return of 10% astdradard deviation of 6%. This
combination results in an expected portfolio retafr6%. If both assets are not
correlated, the overall volatility of the portfolis only 2.7%., i.e. the expected
return of the overall portfolio is larger than téxpected return of the more secure
asset. Moreover, the risk is significantly smattean for each single asset. Figure 1
illustrates the effect of different correlationsdgportfolio weights ¢; € [0,1]) for
both assets showing returns and volatilities ofpibeifolio.
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Figure 1. Efficiency frontiers for portfolios consiting of two stocks with returns and
standard deviations of (5%, 3%) and (10%, 6%) for dfferent correlations between
the stocks
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The assumptions within this model are that thernstare normally distributed and
that the parameters of the assets, i.e. returmsglations and volatilities, can be
reliably estimated. Moreover, it is assumed tha glarameters do not change
during the investment period. In the previous yedng reliable estimation of
parameters became significantly more difficult: @re one hand, it became
obvious that correlations and volatilities depend tome so that both tend to
increase when markets decrease and vice versdeihier hand, there are strong
indications that volatilities and correlations degen each other as it is shown by
Frennberg/Hansson (1993), Zimmermann/Drobetz/Oentma(2002) and
Andersen/Bollerslev/Diebold/Ebens (2001).

3. Correlation Breakdown

In recent discussions concerning correlations asldtiities in risk management
and portfolio optimization, the terms “CorrelatiorBreakdown” and
“Diversification Meltdown” were introduced and debe the phenomenon that
correlations and volatilities tend to increasethi# market decreases and also the
other way round. Moreover, there is a strong pesitelation between correlations
and standard deviations. Thus, diversificationatff@re particularly overestimated
during nervous market periods for which they ardnigh importance. Hence, the
permanent changing pattern of market parametersplomates selection of an
optimal risk strategy.

The stock market crash in October 1987 and the #i@@A8cial crisis revealed, that
the structure of correlations reflects extremeasituns on markets. In both cases
correlations strongly increased to a high level amimg constantly high for a
certain period.

Meric/Meric (1997) confirms this situation from aif®pean perspective: Average
correlations between 13 European stock marketeased from 0.37 before the
crash in 1987 to a value of 0.5 afterwards. Rey)@2@escribes similar events:
Average correlations based on data from Switzerlad®A, UK, Canada,
Germany, Italy, France and Japan increased frod téasured from January
1973 to December 1986 to 0.55 between January d9@®ecember 1999. During
October 1987, the average correlation betweennatemal stock markets was,
according to Rey (2000), even 0.68. A result by diofSolnik (1995) generally
confirms that volatilities and correlations areosgger connected when volatility is
on a high level.

These results make it necessary for investors ve hecritical look on the idea of
diversification: Assumptions, which should minimitee overall risk, collapse
exactly when markets decrease. Hence, regardingMbereat financial crisis of
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the last decade, it is questionable if classicatfplio theory is able to generate
reliable risk estimators.

4. Empirical Analysis

This section analyzes the development of correlasiouctures and volatilities of
stock markets during four different phases of tie tecade. The complete period
of analysis covers March, 31st 1999 to Februaryth 2810 for sectors and
January, 1st 2001 to February, 26th 2010 for c@esitrThe differentiation
concerning these periods is due to data availgbAidditionally, two bear markets
(dot-com crisis, 31.03.2000 (sectors) respective0N2001 (countries) to
31.03.2003 and financial crisis, 30.04.2008 to 32009) and a bull market
(30.04.2003 to 31.03.2008) are analyzed separdtgjyre 2 clarifies the temporal
sequence of these periods.
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Figure 2: Schematic illustration of the analyzedquis at the example of the
development of EURO STOXX 50.

4.1 Data base

Monthly and daily final quotes of selected impottaitock indices are used to
determine the relevant parameters of each asset diffiering between subsectors
(10) and country indices (5). Especially the foliogy stock indices are taken into
account for analysis:
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» EURO STOXX OIL & GAS;

+ EURO STOXX BASIC MATERIALS;

*+ EURO STOXX INDUSTRIALS;

«  EURO STOXX CONSUMER GOODS;
+ EURO STOXX HEALTH CARE;

* EURO STOXX CONSUMER SERVICES;
* EURO STOXX TELECOM,;

*+ EURO STOXX UTILITIES;

« EURO STOXX FINANCIALS;

+ EURO STOXX TECHNOLOGY;

+ MSCI EMERGING MARKETS;

« MSCIUSA;

*  MSCI JAPAN;

« STOXX EUROPE 50;

« MSCIWORLD.

Time series were obtained from Thomson Reuters dratam and collected in
Excel, which was used for all computations and yses.

4.2 Calculation of Relevant Parameters

In this section, we describe calculation of theevaht parameters based on
monthly data. We investigate for each indefa € {1, ... ,m}) continuous returns.
These are determined as:

. index at the end of the j—th month
12() =In (5 - ).
index at the end of the (j—1)—month

For sake of simplicity, the following characteristiumbers, especially volatilities
and Value-at-Risks, are given for an one-year itnwest period. The expected
average annual return®g()) = 12 * r,(J), wherer,(J) represents the average
monthly return in the respective period. The cgroesling months are summarized
by the index set.

From the returnsg, (j) for asset follows the estimator for the variance of returns:
~ 1 , N
G2() = 12 % [ X)) (ra() — 12 0D)?],

wheren is the number of months in the respective penaatility is calculated as
the square root of the variance. Analogously, weerdgne estimators for the
correlation between two assetandb (a,b € {1, ..., m}):

N 12 ra()=1a(J) rp(N)-1p(J)
Pap ) = EZjE] = ? == .
Jaz Jaw
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And the estimator for the corresponding covariance:

Gap() = |8EUNEFU) * Pap ().

The estimated returR,(J) and variancé?(J) yield a parametric estimation of the
99%-Value-at-Risk of an asset with the 1%-quantfethe standard normal
distributiongg o = —2.326 as:

VaRg,90%(J) = Ro(J) — 2.326 /a2 ().
The VaR, 999, Can be split into a componeltiR; 54, Which is given by the
expected return (respectively the correspondingmesdr) and a “stochastic”

component, VaR}qgy, = —2.326 xy/oZ(J) which is calculated from the
(estimated) volatilities. As shown below, corredas also influence the Value-at-
Risk of a portfolio because they are required foutate the overall volatility of a

portfolio. Based on the estimated parameters oflifierent assets it is possible to
calculate return and risk of a portfolio using freetfolio weights(wy, ..., w,, ). For

a period/, the expected return is given by:

o () = X4ty Wa Ra ().

And its variance is:

65() = Xip=1 Wawp0a, ().

Finally, we determine the 99%-Value-at-Ri8kRp 990, (J) Of the portfolio over a
period/ as:

VaRp 999 () = 7p(J) — 2.326  \/ a5 (J).

Hence, the stochastic component is given by:

VaRsey, = —2.326 /a2 ()).

Calculations based on daily data are performed simélar way. For the sake of
simplicity, we assume a year to have 250 trading da

4.3 Parameters during Different Market Periods

Tables 1 resp. 2 and Tables 3 resp. 4 summarizeagevecorrelations and
volatilities for different market periods sorted Bgctors respectively countries
showing strong fluctuations of volatility over tim€omparison of parameters
during the bull market and the financial crisis, ieth followed immediately

afterwards, shows an alarming increase of volia#liby a factor of 1,5 to 3 for
monthly data. Based on daily data, the fluctuatiame even stronger. Only
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exemptions from this are the TELECOM and HEALTH (FARectors calculated
from monthly data. While volatilities in the TELEG®Osector strongly increased
during the dot-com crisis, they remained on a eomstevel for the HEALTH
CARE sector over the complete observation period.

Moreover, it is quite interesting to compare valllesed on monthly and daily
data. With the exception of the financial crisisatilities are rather similar for

both frequencies. However, during the financiaskisri volatilities based on daily
data are significantly larger than their countetpdetermined from monthly data.
This is caused by the fact that if monthly datased, a significant fraction of the
variability in the data is smoothed out. Henceprider to capture the full amount of
variability during a time of crisis, it is prefedatto use daily data for computation
of the volatility.

Surprisingly, it can be observed that the averageetation between all sectors
remained constant over all periods, i.e. theremea®Correlation Breakdown” even
not during the financial crisis. Thus, diversificat between sectors appears to
remain stable even during crisis. For country iaedjchis result does not turn out to
be true. Average correlations on a monthly basisevea a constant level until
upset of the crisis. More precise, the averageetaion between countries
increased by 0.21 during financial crisis. Even shaallest value was 0.84. This
shows a clear “Correlation Breakdown”.

Again, it is interesting to consider differencesw®Een results based on daily
respectively those based on monthly data. Whereesetdifferences are rather
negligible for sector based indices, they are momdre significant for country

based indices. Here, correlations based on daitg dese much smaller than
expected and in particular than those based onhiyodata. This is due to the
different time zones covered by the individual doyitbased indices, which leads
to differences in the point (and the subsequertat) of time, during which they

are traded. In consequence, different amountsfofriration are available to the
investor during trading time and hence includedha final quote, which is a

problem nearly non-existing for the sector basedices. From this, it is not

recommendable to use daily data to determine @iives of country based
indices, which do not belong to the same time zbdlevertheless, even on a daily
basis there was a significant increase of coraiatiduring the financial crisis
between country indices.

For correlations between single indices, even hidlaetuations can be observed.
This turns out to be true for sectors as well asctmntries, e.g. the correlation
between TELECOM and HEALTH CARE decreased betwesglh fnarket and
financial crisis by 0.47, while correlation betweggpan and the US increased by
0.44. Complete correlation matrices can be reqddstehe authors.
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These surprising results demonstrate that divessitin effects between sectors
remain constant during crisis but not between awes)t where structures of
correlations change. Thus, diversification withilme tasset category “stocks”
between countries seems to be impossible andubeisks are significantly larger
than expected. Apart from that, correlations betwseck indices are per se quite

high. Hence, an asset allocation solely basedanksts always risky.

Table 1. Volatilities during different market periods (sectors) — Monthly/Daily

Index/Period Total Dot-com Bull Market Financial Crisis
Oil & Gas 18,1% / 22,7% 18,2% /28,2% 15,1% / ¥4,2 26,8% / 49,5%
Basic Materials 21,5% /21,7% 24,9% [25,0% 16/0%,7% 33,0% / 46,9%
Industrials 21,3% /20,4% 22,8% /21,5% 15,5%,9%6 34,2% / 46,9%
Consumer Goods 19,0% / 20,4% 21,5% /24,1% 14,55(1% 23,7% / 45,8%
Health Care 16,2% / 21,2% 19,5% /28,6% 14,1%2%6 17,9% / 33,8%
Consumer Setrvices 18,8% /19,1% 25,3% /28,2% %3,54,3% 20,3% / 32,4%

Telecom 26,4% / 25,8% 36,0% /38,2% 14,4% / 14,8% 15,0% / 33,2%
Utilities 17,4% /19,1% 16,8% /22,2% 12,7% / 24,6 24,4% [ 43,1%
Financials 24,2% 1 23,7% 28,2% 129,2% 16,1% 1%/, 42,3% / 55,6%
Technology 31,4%/31,2% 48,7% /51,9% 22,1%2%23, 36,2% / 42,3%

Table 2. Volatilities during different market periods (countries) — Monthly/Daily

Index/Period Total Dot-com Bull Market Financial Crisis
Emerging Markets 21,1%/17,7% 22,0%/15,1% 15/8% 3% 33,1% / 34,2%
USA 16,4% / 21,6% 18,8% / 23,5% 9,1%/12,9% 2v/1%4,8%
Japan 18,6% / 23,3% 15,6% / 22,2% 14,6% / 18,7% 7981,42,8%
Europe 17,3% / 23,2% 20,7% / 29,5% 11,2% / 14,6% ,2%1 40,3%
World 17,0%/ 17,7% 17,4% / 18,5% 9,7% /10,9% 828/ 36,1%

Table 3. Average correlations for different marketperiods (sectors) — Monthly/Daily

Index/Period Total Dot-com Bull Market Financial Crisis
Oil & Gas 0,53/0,61 0,52/0,57 0,45/0,63 0,8374
Basic Materials 0,66 /0,55 0,61/0,65 0,64 /0,74 0,64 /0,74
Industrials 0,73/0,61 0,68/0,72 0,71/0,75 10,0,77
Consumer Goods 0,68 /0,64 0,69/0,76 0,69/0,76 0,48 /0,40
Health Care 0,46 /0,59 0,36 /0,59 0,39/0,57 70@,60
Consumer Services 0,69/0,49 0,67/0,74 0,699 0, 0,66 /0,76
Telecom 0,50/0,63 0,40/0,64 0,55/0,66 0,880
Utilities 0,63 /0,52 0,52 /0,66 0,65 /0,65 o/m71
Financials 0,69/0,59 0,71/0,76 0,69/0,77 3,691
Technology 0,63/0,65 0,61 /0,65 0,54 /0,66 0,671
Average 0,62 /0,59 0,58 /0,68 0,60 /0,69 06%8

Table 4. Average correlations for different marketperiods (countries) —

Monthly/Daily

Index/Period Total Dot-com Bull Market Financial Crisis
Emerging Markets 0,78/0,57 0,71/0,45 0,69 40,5 0,87/0,67
USA 0,82/0,50 0,77 /0,49 0,71/0,43 0,92/0,53
Japan 0,66 /0,35 0,47 /0,28 0,54 /0,36 0,882 0,
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Europe 0,79/0,54 0,77 /0,47 0,70/0,51 0,84640
World 0,85/0,68 0,80/0,62 0,77 /0,65 0,93730,
Average 0,78/0,53 0,71/0,46 0,68 /0,50 0,8%0

4.4 Effects of changing parameters on the VaR

To illustrate and quantify the effects of changipgrameters, we consider risk
numbers of five different portfolios for each petidhree portfolios reflect sectors
whereas two are diversified by countries. A largeiability of correlations and
volatilities leads to a strongly varying stochastmmponent faRg;,.,) Of the
overall Value-at-Risk{aR). Since changes in the stochastic component aedba
on variability of correlations and volatilities, weestrict our analysis to this
component as it also represents the effect of sifieation which can be achieved
for a portfolio. This component on its own leadsatstrong change of the overall
VaR.

Two of the portfolios use a naive diversificatiordall indices hold the same share
of the overall portfolio, one being diversified lsgctors and the other one by
countries. Also two funds, based on sectors (ArdDél-, Deka-Institutionell
Aktien Europa | (T)), and one fund, based on d#fércountries (Deka-bav Fonds),
are analyzed. Exact diversification of the portislis given in Tables 5 and 6. For
sake of simplicity, we assume that the asset catsgoontained in the portfolio
are perfectly reflected by the respective index.ndde we obtain realistic
estimations for the behavior of risk numbers of peatfolios although they are not
exactly replicated, which is not in the scope @ thork. Furthermore, we assume
an investment of 100,000,000€ to provide the VaR.in

Table 5. Portfolio weights (sectors)

Index/Portfolio Naive AriDeka CF Deka-Institutionell
Oil & Gas 10,00% 12,32% 15,60%
Basic Materials 10,00% 10,89% 9,01%
Industrials 10,00% 8,49% 4,29%
Consumer Goods 10,00% 14,23% 10,88%
Health Care 10,00% 13,76% 16,92%
Consumer Services 10,00% 6,70% 1,98%
Telecom 10,00% 7,78% 9,45%
Utilities 10,00% 4,31% 5,60%
Financials 10,00% 19,02% 23,74%
Technology 10,00% 2,51% 2,53%
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Table 6. Portfolio weights (countries)

Index/Portfolio Naive Deka-bav Fonds
Emerging Markets 20,00% 0,67%

USA 20,00% 44,70%

Japan 20,00% 6,20%

Europe 20,00% 35,30%

World 20,00% 13,80%

Tables 7 to 11 show the stochastic compor&rR,;,., for all portfolios. Our
results strongly indicate that by solely varyingretations and volatilities the VaR
is dramatically fluctuating. Thus, the VaR increasy a factor of approximately
2 *VaRg,cn for all portfolios upon exchange of the bull mdrkarameters by
values holding for the financial crisis. Even dgrithe dot-com crisis, the risk was
significantly larger than during the bull market.

Comparing sector-based to country-based portfofiostuations are marginally
smaller for the first. During bull market, the rigér sector based portfolios was
slightly larger whereas it was similar during theahcial crisis. Comparing risk
figures based on monthly and daily data, they areglifferent for times of crisis.
This is due to the fact that volatilities based daily data are much larger and
changes of volatilities are the main reason focttlations of theVaRg o, as
shown in the next paragraph.

Table 7.VaR,, nNaive diversification (sectors) — Monthly/Daily

PeriodVaR;,cn In % In €
Total -40,64% / -43,41% -33,4 Mio. €/ -35,2 Mio. €
Dot-comr -48,60% /-57,97% -38,5 Mio.€ /-44,0 Mio.€
Financial Crisi -52,56% /-84,58% -40,9 Mio.€/-57,1 Mio.€
Bull market -28,57% / -33,04% -24,9 Mio. €/ -28/io. €
Table 8.VaRg;,., AriDeka CF — Monthly/Daily
PeriodVaR;,ch In % In€
Total -39,66% /-42,97% -32,7 Mio.€ /-34,9 Mio.€
Dot-comr -45,71% /-55,39% -36,7 Mio.€ /-42,5 Mio.€
Financial Crisi -53,62% /-86,50% -41,5 Mio.€ /-57,9 Mio.€
Bull marke -28,27% /-32,95% -24,6 Mio.€/-28,1 Mio.€
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PeriodVaR;,cn
Total

Dot-com
Financial Crisi

Bull marke

PeriodVaR;,cn
Total

Dot-com
Financial Crisis

Bull marke

PeriodVaR;,cn
Total

Dot-com
Financial Crisi

Bull marke

Table 9.VaRg;,., Deka-Institutionell — Monthly/Daily
In % In€
-39,21% / -43,41% -32,4 Mio. €/ -35,2 Mio. €
-44,89% / -56,28% -36,2 Mio. €/ -43,0 M.
-53,98% /-88,09% -41,7 Mio.€ /-58,6 Mio.€
-27,65% /-32,79% -24,2 Mio.€ /-28,0 Mio.€

Table 10.VaRg,,., naive diversification (countries) — Monthly/Daily
In % In€
-38,16% / -37,51% -31,7 Mio. €/ -31,3 Mio. €
-38,80% / -38,18% -32,2 Mio. €/ -31,7 Méo.
-63,16% / -75,26% -46,8 Mio. 62,9 Mio. €
-24,07% 1-25,30% -21,4 Mio.€ /-22,4 Mio.€

Table 11.VaRg;,., Deka-bav Fonds — Monthly/Daily

In % In€

-37,47% [/ -42,88% -31,3 Mio. €/-34,9 Mio. €
-34,6 Mio. €/-38,7 Mé.

-43,9 Mio.€ /-57,0 Mio.€

-42,40% [ -48,99%
-57,79% /-84,41%

-21,72% 1-25,72% -19,5 Mio.€ /-22,7 Mio.€

We performed another data analysis to investigdtetier the changes in risk are
caused by changing correlations or by changingtilities (or to find out which
are their respective contributions). Here, we asgurfor all market periods the
average volatilities solely changing correlationtmicas. Hence, changes of the
covariance matrix result from changing correlatioBased on these covariance
matrices, volatilities of the naively diversifiedntfolios were determined for all
market periods. Results are given in Table 12.

For sector indices the increased risk is completekplained by increased

volatilities. If the portfolio volatility only chaged due to changes of the correlation

matrix, it would remain constant over different ketrperiods being consistent to
results in the prior section, showing that the agercorrelation did not change.
This holds true for both monthly and daily data.
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Considering country based indices, it turned oat the volatility increased by
approximately 1,5% during the financial crisis doancreased correlations. If we
also took the changes of volatilities into accotimg, increase would be about 18%
(daily data) respectively 13% (monthly data) betweeuntries, i.e. the effect of
changing volatilities on the risk is about ten tariarger than that of changing
correlations. To draw a conclusion, fluctuationsvatatilities have a significantly
stronger impact on diversification effects and riBgures than changes in
correlations, whose impact is negligible. Henceg tkerms “Correlation
Breakdown” and “Diversification Meltdown” seem toe bvery deceptive for
portfolios solely consisting of stocks. In contréstthat, “Volatility Burst” would
be a much more reasonable term.

Table 12. Resulting volatilities using average votdities for single indices and
changing correlation matrices by period — Monthly/Daily

Period/Volatility Sectors Countries

Total 17,47% / 18,66% 16,41% / 16,13%

Dot-com 17,03% / 18,92% 15,75% / 15,46%
Financial Crisis 17,21%/19,10% 17,26% / 16,88%
Bull market 17,14%/19,12% 15,58% / 15,82%
5. How to Deal with Changing Parameters

Results of the last sections show that risks of ittddvidual portfolios differ
strongly in dependence of the time period whichsed for parameter estimation.
These differences in risk are important to considerinstitutional as well as for
private investors. Thus, it is of great interestatmlyze how these risks can be
minimized or at least be appropriately measured.isltdemonstrated that
correlations and volatilities cannot be estimatetp/ from historical data due to
large estimation errors in some cases.

To illustrate this effect, Figure 3 represents tlierent temporal evolution of
estimators of correlation between the sectors TEDEMCInd FINANCIALS. Here,
the correlation was estimated by means of histodeta using different moving
averages.
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Historical mean value of correlations
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Figure 3: Moving averages of the correlation betwee TELECOM and FINANCIALS
for a history of 1-year, 2-years and 5-years

Figure 3 shows that fluctuations of the estimattgsrease with an increase of the
time period used for analysis. This implies thehpem that a long time period
leads to very inflexible estimators, due to itosg smoothing of the results. If
only short time periods are used for estimatios thay lead to drastic estimation
errors because of strong variability of the estor&tin current research, there exist
different approaches to deal with changing pararset&lthough this is not in
focus of the present analysis, we will briefly dése two methods and refer to
comprehensive sources. A promising approach for timely recognition of
parameter changes is testing for structural bréaksshanges in parameters which
define a time series. Aue/Hormann/Horvath/Reimi{f09) proposed a test to
detect changes in the covariance structure, whikd¥ramer/Dehling (2011) and
Wied/Arnold/Bissantz/Ziggel (2011) present methadstest for changes in the
correlations structure and of variances, respdgtivEhese tests can be used in
various ways. First, it is possible to determinprapriate subsets of data which are
used to estimate the different parameters. Set¢bedgests can be used as an alert
system in order to recognize unfavorable paramelenges. Finally, optimal
points in time for a re-optimization can be detered, because an optimal solution
for the portfolio is no longer valid if input paraters have changed. Apart from
fluctuation tests, time series models (e.g. GARCeéHals) are of special interest
with regard to parameter estimation, because tHaptao changing data structures
in a very flexible way (McNeil/Frey/Embrechts (20R5
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