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1. Introduction

The Covid-19 outbreak has been the source of a huge rise in volatility, which 
has been reflected in financial market turbulence. The values of the distribution 
of asset returns have increased, intailing a growing risk to financial markets. In 
addition, the extreme values occur almost simultaneously across asset classes and 
countries. The rising correlations diminish the positive effects of diversification 
and finally make financial markets over the world systemically less stable.

A knowledge of the return distribution and risk profiles of stock prices sup-
ports channels for profit optimization. Detecting informa tional inefficiency on 
financial markets is an important research direction from the point of view of 
profit maximalization. Stock indexes and subindexes represent an entire stock 
exchange and particular sectors are used frequently to test for market efficiency. 

Most studies on the relationship between indexes use indexes across coun-
tries. However, dependencies between subindexes across countries and subindexes 
and indexes are not frequent topics in the financial literature. 

The analysis of the behavior and interrelations between subindexes during the 
pandemic period will be useful in determining changes in the roles of the major 
sectors and subsectors of the economy during a time of crisis. This knowledge 
may be interesting for both individual and institutional investors and may also be 



74

Henryk Gurgul, Robert Syrek

useful with respect to the potential diversification of their internationally based 
portfolios as an investment. The lack of a correlation, or only a small correlation, 
between these subindexes is a very desired property. The consequence is risk 
reduction arising from portfolio diversification based on these indexed assets. 

This empirical study has three aims. Firstly, it aims to find the similarities and 
dissimilarities in the behavior of subindexes around the beginning of the Covid-19 
pandemic. The next topic is the level of dependencies between the subindexes in 
the time period under consideration. The third aim is to determine the usefulness 
of the DCoVar and MES methodology in this research.

In the next section we provide an overview of selected studies on dependences 
between subindexes. We use the methodology DCoVar, MES and DCC-copulas 
to assess the relationships between the stock indexes and subindexes under 
investigation.

2. Literature review

The first papers about the dependence between stock market indexes were 
published in the 1980’s (Higgins, 1988). The authors established whether inter-
relations are an important source important with respect to forecasting the future 
level of both stock prices and economic growth of countries. They tried to con-
vince readers that the lack of a weak form of market efficiency is induced by the 
high level of correlation between the main sector indexes (Arbelaez et al., 2001). 
Investigations into this problem were begun by Just in 1996 (compare Ratner, 
1996). In order to establish the market efficiency of the Madrid Stock Exchange, 
the author applied nine major indexes from this stock exchange. He detected 
that the distribution of index returns was non-normal and did not support the 
random walk hypothesis. In the study by H. Arbeláez et al. (2001), mentioned 
above, the short-term and long-term interrelations between some stock indexes 
of the Medellin Stock Exchange (now the Colombia Stock Exchange) are shown. 
In their comprehensive study, the authors employed a number of procedures and 
tests of stationarity, including causality, cointegration, impulse response function 
and variance decomposition and a VEC model based on daily prices over 7 years. 
They confirmed the existence of a significant interrelation between these indexes.

In the first years of the twenty-first century, some papers on the Athens Stock 
Exchange (ASE) were published. In their studies M.G. Kavussanos and E. Dockery 
(2001) came to the conclusion that the Athens Stock Exchange is not efficient in 
a semi-strong sense. 

G.D. Siourounis (2002) used GARCH type models and applied them to the 
data from the ASE Market. The returns were correlated and their volatility showed 
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autocorrelation. According to Siourinis, the ASE is not weakly efficient. Niarchos 
and Alexakis (2003) also detected particular price patterns. Due to these patterns, 
investors can achieve abnormal returns so the ASE is inefficient. Panagiotidis (2005) 
detected that after the introduction of the Euro the random walk hypothesis was 
not valid for three different FTSE/ASE indexes.

In a study by T. Patra and S.S. Poshakwale (2008) the subject of research 
was six sectors of the Athens Stock Exchange: Banking, Industrial, Construction, 
Insurance, Investment and Holding. These sectors constitute more than 63% of 
the ASE capitalization. The authors found that the sector indexes are not strongly 
interrelated in the long  term. They found that in the short term the banking 
sector impacted on the returns and volatility of other sectors. The source of the 
variance of the returns for most subindexes is their own innovations. The most 
important banking sector contributed 25% of variance in the construction sector 
and the insurance sector was responsible for 15% of the variance in the indus-
trial, investment and holding sectors. So, the predominant role was played by the 
banking sector. Therefore, one can assume that the banking sector may allow at 
least a short-term prediction of changes in the other sector indexes. The general 
conclusion is that the ASE did not fulfill the assumptions deriving from the weak 
efficiency of the market. 

The transfer of information between stock markets and regions has also 
become a popular topic in contributions by many well-known scholars outside 
Europe and North America. These contributions have also focused on the econo-
mies of South Asia and Latin America.

After the global crises of 2008, the imbalances in the global financial and 
economic system, including emerging markets in different parts of the world, 
became clear. Besides South Asia and Latin America investors have paid attention 
to the particular markets of the Middle East and North Africa (Lagoarde-Segot, 
Lucey, 2008). They are characterized by relatively high returns and volatility, 
weak interrelations with the largest world markets, and volatility clustering. One 
of the main aims of T. Lagoarde-Segot and B. Lucey’s paper was to detect the 
level of correlation and the channels of information flow across sectors in these 
regions. The authors tried to assess the relative importance of the sectors under 
consideration in their explanation of the variations in returns in these sectors. 
The second task was to determine information channels across sectors within 
a stock market (Wang et al., 2005).

In the new situation that has arisen following the outbreak of the Covid-19 
pandemic in 2020 and the introduction of many sanitary restrictions in some 
sectors, the interrelations between indexes and subindexes on an international 
level are of even greater interest, particularly for policy makers. In our analysis of 
the linkages between the subindexes of Stoxx Europe 600 index, a methodology 
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known as DCoVar is used. This measure of systemic risk was developed by 
T. Adrian and M.K. Brunnermeier (2011) in order to identify or rank systemically 
important financial institutions. A recent contribution based on this measure is 
by M.L. Bianchi and A.M. Sorrentino (2020), who estimate systemic risk for Italian 
and main European banks. For this purpose, the authors employed the quantile 
regression and a non-parametric method. G. Girardi and A.T. Ergün (2013) pres-
ent the results of an estimation of the systemic risk contributions (based on the 
multivariate GARCH model) of four financial industry groups, including a large 
number of institutions. 

Q. Xu et al. (2018) assess systemic risk in the Chinese banking sector by 
applying the DCC-MIDAS model with Student’s t distribution. The multivariate 
distributions known as copulas (Sklar, 1959) are a useful tool in dependence 
modeling and risk estimation employed by, among others  – Guloksuz and Kumar, 
2020; Fabozzi et al. 2013, and Gong et al. 2014.

For dependence evaluation, D.H. Oh and A.J. Patton (2018) suggested a new 
class of copula-based dynamic models. The factor copulas employed by H. Man-
ner et al. (2021) are considered a tool for modeling high dimensional conditional 
distributions, helping the estimation of various indicators of systemic risk. This 
model was applied to a collection of daily CDS (credit default swap) spreads on 
100 U.S. firms. 

The remainder of this paper is structured as follows. The next section outlines 
the methodology employed, while the following section describes the dataset and 
empirical results. The final part of the paper presents some conclusions.

3. Methodology

In this section we briefly quote the dynamic model and systemic risk mea-
sures employed in this paper.

3.1. Asymmetric dynamic conditional correlation model

In the literature one can find many models that allow the dependence be-
tween time series to be described. The multivariate GARCH belongs to a class 
of models that allow one to predict second-order moments of returns (see Bau-
wens et al., 2006 for survey). One of the most popular models in this class is 
Engle’s Dynamic Conditional Correlation (2002), which enables the time varying 
covariance matrix to be decomposed into standard deviations and a time-varying 
correlation matrix. 
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Particular attention has been given to whether changes in the correlation 
between international asset markets demonstrate evidence of an asymmetric 
response to negative returns. Taking this into account, L. Cappiello et al. (2006) 
generalized Engle’s to asymmetric cases. We adopt this model along with the bi-
variate t copula, which allows one to describe the tail dependence of the financial 
time series.

3.2. Systemic risk measurement with DCoVar and MES

In this paper we consider two commonly used systemic risks. The first of 
them is DCoVar, which is based on the concept of Value at Risk (Adrian and Brun-
nermeier, 2011, 2016). Let C(rst) be some event for returns of subindex s. Then 
DCoVar at confidence level a corresponds to the conditional Value at Risk of the 
market return rmt (main stock index)

 P r CoVaR rmt t
m r

st
st≤ ( )( ) =( )|C C| a   (1)

We consider event C(rst) equal to the Value at Risk of the subindex return 
at the same level a. The difference between the CoVar at level alpha and CoVar 
computed in median state is denoted as DCoVar (Benoit et al., 2013)

 DCoVaR CoVaR CoVaRst t
m r VaR

t
m r Median rst st st sta a( ) = −= ( ) = ( )| |   (2)

where VaRst(a) satisfies

 P r VaRst st ta a( )( ) =− 1  (3)

where t−1  is information available up to time t - 1. DCoVaRst denotes the part 
of the risk of the market that can be attributed to a given sector.

The second measure that we consider is based on the concept of Expected 
Shortfall and is defined in (Acharya et al. 2010). The Marginal Expected Shortfall 
computed at time t (given the information up to time t - 1) is defined as

 MES C E r r Cst t st mt( ) = <−1( | )   (4)

where the threshold C defines the distress event. MES measures the increase in 
the risk of the market (expressed by Expected Shortfall of market returns), which 
is induced by a marginal increase in the weight of sector.

In the literature one can find many methods of computing DCoVar and MES. We 
calculate these measures on the basis of the model by Brownless and Engle (2012) 



78

Henryk Gurgul, Robert Syrek

DCC but replace the bivariate normal distribution with dynamic bivariate t-copula. 
It can be shown that (see Benoit et al., 2019) DCoVar can be expressed as

 DCoVaR st st st stVaR VaRa g a( ) = ( ) − ( ) 0 5.  (5)

with g rst st mt sth h= / , where rst is a conditional correlation coefficient at 
time t between market and subindex returns. 

During the computation of MES we set the distress event to Value at Risk of 
the market return VaRmt(a). S. Benoit et al. (2013) showed that in these settings 

 MES ESst st mta b a( ) = ( )   (6)

where b rst st st mth h= / , is time-varying conditional b and E E r r VaRmt t mt mt mta a( ) = < ( )−1( | ) 
E E r r VaRmt t mt mt mta a( ) = < ( )−1( | )  is the expected shortfall of the market. From this, 

one can conclude that considering the MES of a sector is the same as considering 
the beta of a subindex. 

Thus, MES measures how the financial institution contributes to the overall 
risk of the financial system. To summarize, MES takes the returns of a sector into 
account when the market is in left tail of the return distribution, and DCoVar 
looks at the market when the sector falls in the left tail of the return distribu-
tion. The sectors with the highest MES are the greatest drivers of systemic risk 
(they contribute the most to the decline of the market). The sectors with the 
highest DCoVar make the greatest contribution to market risk. In our approach 
we consider the absolute values of these measures. Both measures can lead to 
different conclusions when identifying the least risky and the riskiest sectors. 
S. Benoit et al. (2013) derived conditions under which rankings based on both 
measures are convergent. In the empirical part of this paper, we consider the 
dependence of sectors as well and measure the part of the risk of a given sector 
that can be attributed to another sector.

4.  The data

We consider the daily closing prices of the Stoxx Europe 600 index along 
with their sectoral indexes in the period 03.01.2018 to 16.04.2021. In Table 1 we 
present the descriptive statistics of logarithmic returns (in percentages), along 
with the results of Jarque-Bera and Ljung-Box testing (p-values are reported). 

Both the STOXX 600 index and all subindexes are non-normally distributed. 
The time series of returns are characterized by high kurtosis and negative skewness 
(in all cases we reject the null of normality). With one exception (Health Care) 
we also reject the null of lack of autocorrelation (Ljung-Box test). 
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Table 1

Summary statistics of logarithmic returns

(Sub)index Mean S.D. Kurtosis Skewness L-B J-B

STOXX 600 0.02 1.16 23.56 -1.74 0.00 0.00

Automobiles & Parts 0.01 1.91 17.36 -0.66 0.00 0.00

Banks -0.04 1.82 14.55 -0.63 0.00 0.00

Basic Resources 0.03 1.89 14.07 -0.44 0.00 0.00

Chemicals 0.03 1.28 10.71 -0.88 0.00 0.00

Construction Materials 0.03 1.49 20.00 -1.47 0.00 0.00

Financial Services 0.04 1.40 22.35 -1.10 0.00 0.00

Food & Beverage 0.01 1.03 14.47 -1.23 0.00 0.00

Health Care 0.03 1.04 12.55 -0.95 0.24 0.00

Industrial Goods Services 0.04 1.42 15.84 -1.04 0.00 0.00

Insurance 0.01 1.57 29.14 -0.97 0.00 0.00

Media 0.02 1.27 16.78 -0.90 0.00 0.00

Oil & Gas -0.03 1.87 25.42 -1.17 0.00 0.00

Personal Goods 0.02 1.13 11.95 -1.07 0.00 0.00

Real Estate Price 0.00 1.25 22.34 -1.57 0.00 0.00

Retail 0.04 1.20 12.64 -0.86 0.00 0.00

Technology 0.06 1.51 9.89 -0.87 0.00 0.00

Telecommunications -0.03 1.21 21.73 -0.99 0.00 0.00

Travel & Leisure 0.00 1.82 13.65 -0.37 0.00 0.00

Utilities 0.04 1.25 33.48 -2.58 0.00 0.00

5. Estimation results

In this section we present the results of the estimation of the model presented 
in subsection 3.1 and compute the dynamic measure of risk from subsection 3.2. In 
most cases we apply Engle and Ng’s Nonlinear Asymmetric GARCH model (1993) 
to model conditional variances. For the subsectors Insurance and Utilities, the 
parameter of rotation, at a level of 10%, is not significant. In this case we replace 
NAGARCH with a basic GARCH model. In Figure 1 we present the conditional 
variances of all subindexes along with the conditional variance of STOXX Europe 
600 (from pair with Automobiles & Parts).
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Figure 1. Conditional variances from DCC  – copula model
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Figure 1. cont.

On the basis of dynamic models, we computed the conditional correlations. 
For four sectors (Food & Beverage, Health Care, Telecommunications and Travel 
& Leisure) the parameter of asymmetry, at a level of 10%, was not significant, and 
we used the standard DCC(1,1) model. Using conditional variances and correla-
tions we compute systemic risk measures in which distress events are Value at 
Risk at a significance level of 5%. They are presented in Figure 2.
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Figure 2. Systemic risk measures from dynamic model



83

The dependencies of subindexes of Stoxx 600 during the Covid-19 pandemic

Figure 2. cont.

We observe that the plots of systemic risk measures are very similar and these 
time series are very strong correlated. The minimum value of Pearson and Spear-
man correlation coefficients is found for the Travel & Leisure subindex (0.7935) 
and Basic Resources (0.6367), respectively.

After sorting, we computed the daily percentage of concordant pairs between 
risk measures. This is illustrated in Figure 3. 



84

Henryk Gurgul, Robert Syrek

Figure 3. Percentage of concordant pairs between risk measures

On average, for all sectors, the percentage of such pairs is equal to 53.13%. 
When considering the three riskiest sectors we obtain a value of 51.58%.

To establish whether the rankings produced by systemic risk measures are 
stable, we computed the Kendall correlation coefficient between the systemic 
risk ranking obtained on consecutive days. When all 19 subsectors are taken into 
account, the mean values of correlation coefficient for DCoVar and MES are 0.36 
and 0.47, respectively. When we consider the three riskiest sectors, we obtain 
the values 0.44 and 0.52, which indicates poor stability of rankings (the number 
of days with a perfect positive correlation is equal to 455 and 481, respectively).

It can also be seen that the maximum values of DCoVar and MES are noted 
in similar periods. This is the case for conditional variances as well. In Table 2 
we present the dates on which the maximum values   of conditional variances and 
systemic risk measures are observed.

Table 2

Dates of the maximum values   of conditional variances and systemic risk measures

 Subindex Variance DCoVar MES

Automobiles & Parts 25.03.2020 17.03.2020 25.03.2020

Banks 17.03.2020 13.03.2020 17.03.2020

Basic Resources 25.03.2020 13.03.2020 25.03.2020
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Chemicals 13.03.2020 17.03.2020 13.03.2020

Construction Materials 17.03.2020 17.03.2020 13.03.2020

Financial Services 13.03.2020 24.03.2020 13.03.2020

Food & Beverage 13.03.2020 19.03.2020 13.03.2020

Health Care 13.03.2020 17.03.2020 13.03.2020

Industrial Goods Services 25.03.2020 17.03.2020 25.03.2020

Insurance 25.03.2020 13.03.2020 25.03.2020

Media 13.03.2020 17.03.2020 13.03.2020

Oil & Gas 25.03.2020 13.03.2020 13.03.2020

Personal Goods 13.03.2020 17.03.2020 13.03.2020

Real Estate Price 17.03.2020 13.03.2020 17.03.2020

Retail 13.03.2020 17.03.2020 13.03.2020

Technology 13.03.2020 17.03.2020 13.03.2020

Telecommunications 18.03.2020 17.03.2020 18.03.2020

Travel & Leisure 25.03.2020 13.03.2020 25.03.2020

Utilities 13.03.2020 17.03.2020 13.03.2020

The most frequent three dates are 13.03.2020, 17.03.2020, 25.03.2020 and 
it can be easily seen that they are not coincidental with the maximum values of 
the conditional correlations. Obviously, it is not easy to explain the rapid increase 
in risk. We noted that on 13 March 2020 the head of the World Health Organi-
zation announced that Europe was then the centre of the COVID-19 pandemic, 
and on 17 March 2020 the coronavirus threat risk in Germany was raised from 
moderate to high. We noted that the STOXX 600 Europe index decreased on 
16 March, along with decreases in its subindexes, but on 17 March 2020 it mostly 
increased (similary to, for example, the DAX index). On both 24 and 25 March 
2020 the STOXX 600 Europe index and subindexes increased (with returns of 
8% and 3% of the main index on those days). Regarding the pandemic news, on 
25 March 2020 Spain recorded more total deaths than any country except Italy. 
On 13 March 2020 the riskiest sectors were Basic Resources according to DCoVar 
and Financial Services according to MES, whereas the sectors with the lowest 
risk were Real Estate Price and Health Care. On 17 March 2020 the situation was 
analogous. On 25 March 2020 the most and least risky sectors were the same in 
terms of DCoVar, but for MES these sectors were Insurance and Food & Beverage. 
At the end of our sample, considering DCoVar Financial Services turned out the 

Table 2 cont.
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riskiest, whereas Utilities the least. According to MES the riskiest and least risky 
are Basic Resources and Utilities, respectively.

Wishing to construct rankings of sectors that are characterized by the high-
est and lowest mean values of systemic risk, we adopt Bai and Perron’s test of 
multiple structural breaks (1998, 2003), in the time series of DCoVar and MES.

If y mt i t= + e  be the series of systemic risk under consideration with mean mi 
and error term et for t T T Ti i i= + + …− −1 11 2, , ,  and i M= … +1 2 1, , , . The unknown 
break dates (or optimal partition) T T TM1 2, , ,…  and their number are found using 
methods of least squares and the Bayesian Information Criterion. Three break-
points were found for some subindexes, but we only report the dates of break-
points found during the pandemic period, which are presented in the Table 3.

Table 3

Dates of breakpoints in systemic risk measures

Subindex DCoVar MES

Automobiles & Parts 24.02.2020 20.08.2020 24.02.2020 20.08.2020

Banks 24.02.2020 20.08.2020 24.02.2020 20.08.2020

Basic Resources 24.02.2020 20.08.2020 27.01.2020 23.07.2020

Chemicals 24.02.2020 20.08.2020 27.01.2020 23.07.2020

Construction Materials 24.02.2020 20.08.2020 24.02.2020 20.08.2020

Financial Services 24.02.2020 20.08.2020 24.02.2020 20.08.2020

Food & Beverage 24.02.2020 20.08.2020 24.02.2020 20.08.2020

Health Care 24.02.2020 20.08.2020 24.02.2020 20.08.2020

Industrial Goods Services 24.02.2020 20.08.2020 24.02.2020 20.08.2020

Insurance 24.02.2020 20.08.2020 24.02.2020 20.08.2020

Media 24.02.2020 20.08.2020 24.02.2020 20.08.2020

Oil & Gas 24.02.2020 20.08.2020 24.02.2020 20.08.2020

Personal Goods 24.02.2020 20.08.2020 20.02.2020 18.08.2020

Real Estate Price 24.02.2020 20.08.2020 24.02.2020 20.08.2020

Retail 24.02.2020 20.08.2020 20.02.2020 18.08.2020

Technology 24.02.2020 20.08.2020 27.01.2020 23.07.2020

Telecommunications 24.02.2020 20.08.2020 24.02.2020 20.08.2020

Travel & Leisure 24.02.2020 20.08.2020 24.02.2020 20.08.2020

Utilities 24.02.2020 20.08.2020 24.02.2020 20.08.2020
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In the case of DCoVar breakpoints are found at the same time as on 24.02.2020 
(on that day STOXX 600 Europe dropped 3.79% and, for example, DAX dropped 
about 4%) and 20.08.2020 (because of bad forecasts concerning the prognosis 
of the U.S. economy published by the Fed at its July FOMC Wall Street meeting, 
U.S. stock exchanges closed lower than before; additional factors with an impact 
on stock exchanges were problems and tensions between the United States and 
China, which reached their culmination on those days). For MES, these dates 
occur very often.

We divide our sample with these dates and compute the mean values of 
DCoVar and MES and in computing the mean daily values, we rank the sectors. 
The Tables 4 and 5 present these values in descending order.

Table 4

Ranked mean values of DCoVar in subperiods

from 04.01.2018 
to 24.02.2020

from 25.02.2020 
to 20.08.2020

from 21.09.2020 
to 16.04.2021

Industrial Goods Services Industrial Goods Services Industrial Goods Services

Financial Services Financial Services Financial Services

Chemicals Personal Goods Personal Goods

Personal Goods Chemicals Retail

Retail Retail Chemicals

Insurance Basic Resources Media

Basic Resources Technology Insurance

Travel & Leisure Insurance Basic Resources

Oil & Gas Food & Beverage Food & Beverage

Technology Media Oil & Gas

Automobiles & Parts Automobiles & Parts Construction Materials

Banks Utilities Technology

Media Health Care Travel & Leisure

Construction Materials Banks Automobiles & Parts

Health Care Telecommunications Banks

Telecommunications Construction Materials Telecommunications

Food & Beverage Oil & Gas Health Care

Utilities Travel & Leisure Utilities

Real Estate Price Real Estate Price Real Estate Price
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Table 5

Ranked mean values of MES in subperiods

from 04.01.2018 
to 24.02.2020

from 25.02.2020 
to 20.08.2020

from 21.09.2020 
to 16.04.2021

Basic Resources Travel & Leisure Banks

Automobiles & Parts Banks Oil & Gas

Technology Automobiles & Parts Travel & Leisure

Banks Oil & Gas Basic Resources

Industrial Goods Services Insurance Insurance

Chemicals Industrial Goods Services Automobiles & Parts

Construction Materials Construction Materials Technology

Financial Services Basic Resources Construction Materials

Oil & Gas Financial Services Industrial Goods Services

Insurance Technology Financial Services

Retail Media Media

Personal Goods Chemicals Retail

Travel & Leisure Personal Goods Chemicals

Media Utilities Personal Goods

Telecommunications Retail Utilities

Health Care Real Estate Price Telecommunications

Food & Beverage Telecommunications Food & Beverage

Utilities Food & Beverage Health Care

Real Estate Price Health Care Real Estate Price

From Table 4 it can be seen that the sectors with the highest and lowest 
DCoVar are Industrial Goods Services and Real Estate Price, respectively, regard-
less of the periods. The rankings of MES are very different and there is no clear 
pattern. In the most critical period, the highest mean value of MES is assigned 
to the Travel & Leisure (18 place in ranking of DCoVar) sector and the lowest to 
the Health Care (13 place in ranking of DCoVar sector. We observe the similarity 
of rankings before and after this period (Real Estate Price at the bottom of the 
tables). Regarding the concordance of rankings according to the mean values of 
systemic risk we note 101 concordant pairs for the full sample (59% of all pairs), 
whereas for subperiods: 84 (49%), 70 (41%) and 79 (46%). 

In Tables 6 and 7 we present the percentage changes of systemic risk mea-
sures with respect to the subperiod 04.01.2018 to 24.02.2020. 
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Table 6

Percentage changes of DCoVar

from 24.02.2020 to 20.08.2020 from 16.04.2020 to 16.04.2021

Utilities 293.18 Utilities 31.46

Real Estate Price 258.38 Food & Beverage 30.99

Food & Beverage 256.13 Media 26.25

Basic Resources 216.95 Real Estate Price 22.83

Telecommunications 207.82 Insurance 15.02

Technology 206.15 Retail 13.39

Media 200.32 Personal Goods 12.66

Personal Goods 198.22 Financial Services 12.56

Health Care 198.07 Telecommunications 12.48

Financial Services 191.77 Construction Materials 11.50

Retail 191.11 Industrial Goods Services 9.35

Automobiles & Parts 189.40 Oil & Gas 8.58

Chemicals 188.25 Basic Resources 7.61

Insurance 186.61 Chemicals 5.55

Construction Materials 184.35 Technology 5.49

Banks 182.50 Health Care 4.89

Industrial Goods Services 170.44 Banks 3.44

Oil & Gas 168.71 Travel & Leisure 3.18

Travel & Leisure 157.96 Automobiles & Parts 3.03

Table 7

Percentage changes of MES

from 24.02.2020 to 20.08.2020 from 20.08.2020 to 16.04.2021

Travel & Leisure 267.01 Travel & Leisure 69.71

Real Estate Price 199.90 Banks 47.28

Insurance 180.71 Media 44.40

Oil & Gas 179.65 Oil & Gas 42.60

Utilities 177.66 Insurance 39.29

Banks 175.07 Utilities 38.36
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from 24.02.2020 to 20.08.2020 from 20.08.2020 to 16.04.2021

Media 159.14 Real Estate Price 37.36

Construction Materials 146.84 Food & Beverage 32.30

Industrial Goods Services 134.79 Retail 23.21

Automobiles & Parts 134.27 Construction Materials 18.36

Food & Beverage 130.71 Financial Services 17.33

Financial Services 128.05 Telecommunications 13.86

Telecommunications 121.20 Personal Goods 12.54

Personal Goods 97.25 Industrial Goods Services 10.67

Chemicals 93.51 Automobiles & Parts 5.80

Basic Resources 82.89 Technology 5.24

Retail 80.49 Basic Resources 4.90

Health Care 79.51 Health Care 4.81

Technology 77.11 Chemicals 1.20

According to the measure DCoVar changes exceed 150% for all sectors in 
the most critical period and 7 of them exceed 200%, with the Utilities (for both 
intervals this sector is characterized by the greatest change) sector at the top. 
In turn, Travel & Leisure is notable for its lowest percentage change, unlike the 
ranking of changes of MES. The changes in the subperiods of the first and second 
waves in respect to the pre-pandemic period are the highest for the Travel & 
Leisure sector. Regarding the bottom of Table 7, we note the Technology sector 
with a percentage change above 77% and the Chemicals sector with 1.2 % change.

6. Conclusions

With DCoVar and MES we can assess systemic risk contributions among 
financial and insurance institutions. Risk increases in crisis periods and the level 
of changes is often the subject of interest. Despite the similarity between the time 
series plots of both measures, the percentage of concordant pairs of daily rank-
ings is on average equal to about 50%. The rankings also indicate poor stability, 
which is proven by rank correlation between consecutive days. We also note that 
rankings of the most and least risky sectors are different and depend on the choice 
of measure. If there is such compliance, it is very rare. Applying the structural 

Table 7 cont.



91

The dependencies of subindexes of Stoxx 600 during the Covid-19 pandemic

breaks estimation method, we found specific dates very similar for all sectors and 
both measures. Constructing the rankings of sectors in terms of the highest and 
lowest mean values at specific intervals we also do not obtain compatibility. For 
both measures we note huge percentage changes in mean risk values, especially 
in the period from 24.02.2020 till 20.08.2020 compared to the previous period. 
The percentage changes for both intervals indicate the same riskiest sectors, but 
the indications of both measures are not consistent.
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Summary

In this index study, the relationships between Stoxx Europe 600 and sector indices are analyzed. 
This research uses DCoVar and MES as analytical tools developed as a measure of systemic risk 
and applied to financial institutions, to sectoral subindexes. For the sake of systemic risk as-
sessment we calculate the dynamic correlation model with bivariate t copula distribution. We 
focus on the impact of sectors on the market. Despite the similarity between the time series 
plots of both measures, with maximum values on similar days, the compatibility of daily rank-
ings, measured as a percentage of concordant pairs, is equal to about 50%. The rankings of the 
most and least risky sectors are different and depend on the choice of measure, but in the case 
of both we observe poor stability. When sectors are ranked in terms of the highest and lowest 
mean values at specific intervals (designated by the structural break estimation method, which 
surpisingly detects very similar dates of structural changes) we draw the same conclusions. 
For both measures we note huge percentage changes in mean values of risk, especially in the 
period from February 24, 2020 till August 20, 2020 with respect to the previous period. The 
percentage changes for both intervals indicate the same most risky sectors, but the indications 
of both measures are not consistent.
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