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Abstract

The aim of this paper is to investigate the impact of Brexit on the dependence between
European financial markets. We use the Diebold and Yilmaz (2009, 2012) approach to
better map the relationship between the three main European markets and we propose
an Optimal portfolio weighting to gain insights into the portfolio design dynamics in the
period between 2013 and 2019, in particular any changes due to uncertainty surrounding
Brexit. First, the findings show that between September 2015 and September 2016, the
high level of volatility and spillover confirms the strong degree of market integration, with
uncertainty surrounding the referendum outcome having a clear impact on the three main
European markets. Second, the direction of spillover in the pre-Brexit period was from the
UK market to the French and German markets in anticipation of uncertainty regarding the
outcome of the referendum and the period immediately following it. Third, only the condi-
tional correlation between the pair (CAC40-FTSE100) is characterized by an asymmetric
effect.
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JEL Classification C32 - G15 - E44

1 Introduction

On 23rd June 2016, the United Kingdom (UK) organized a referendum on whether or not
to remain in the European Union (EU). 51.9% of voters voted in favour of Brexit. The deci-
sion to leave the EU had several consequences on the regulatory and supervisory frame-
works and hence on European economic integration. Before its withdrawal, the UK was
one of the most important members of the European Single Market. Following a report
from the European Commission “An Assessment of the Economic Impact of Brexit on the
EU27 “, the partnerships between France, Germany and UK in 2015 were as follows: the
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largest volume of service exports to the UK are from France (€18 billion) and Germany
(€12 billion). On the import side, the picture is similar as Germany and France are in lead-
ing positions. The largest exporter is Germany (€68 billion) followed by the Netherlands
(€34 billion) and France (€28 billion) while the largest importer is Germany (€34 billion)
followed by France (€20 billion). In 2018, exports to the EU accounted for 45% of all UK
exports, and imports from the EU accounted for 53% of all UK imports. Brexit entails
establishing barriers to the exchange of goods, capital and people between the UK and the
remaining EU countries. The resulting economic disintegration will then lead to financial
disintegration as regulations against free capital movement will inevitably have an impact
on the financial sector and the way the financial markets operate. This view is confirmed by
empirical observations which show that the day after Brexit, the FTSE 250 index plunged
7.2% and the pound sterling fell sharply by more than 8% against the US dollar and 6%
against the euro.

The aim of this paper is to investigate the impact of Brexit on the interdependence
between the UK stock market and the stock markets in the remaining EU member coun-
tries. Our study on stock market dependence examines whether shocks in one market are
transmitted to other markets, assessing the degree of dependency between the European
financial markets both before and after Brexit. The aim is to test whether European eco-
nomic disintegration leads to a decline in the integration of European financial markets.
It is vital for European policymakers to understand the issues at stake in order to intro-
duce appropriate regulations, as should investors who wish to develop international diver-
sification and hedging strategies. In fact, international diversification and systemic risk is
reduced only if the markets are not dependent (Bekaert et al. 2005).

Several papers have investigated the dependence between financial markets with respect
to major events, especially around crisis events. These studies invoke the concept of con-
tagion introduced by Forbes and Rigobon (2002). According to the authors, contagion
describes a situation where there is an increase in cross-market dependence following an
exogeneous shock that cannot be explained by fundamentals. The hypothesis of contagion
has been tested with respect to many events. Arshanapalli and Doukas (1993) highlighted
an increase in dependence between the U.S. market and European markets following the
crash of October 1987. Yang et al. (2003) showed that the Asian stock markets and the
US market became more correlated during the Asian financial crisis of 1997. Jawadi et al.
(2015) tested the contagion hypothesis on the subprime crisis. They demonstrated an
increase in volatility spillover from the US to the three largest European markets (Frank-
furt, London and Paris) and vice versa during the post-crisis period. Recently, Aristeidis
and Elias (2018) used a copulas approach to investigate the international markets’ reaction
to the results of the UK’s referendum. They found a price reversal a few days after the date
of the referendum, allowing the stock markets to recover their losses.

Our study is related to the above literature as we test the dependence between the Lon-
don stock exchange and the largest European financial stock markets both before and after
Brexit. Our contribution examines the data used, the methodology adopted, and the result
obtained. Fetzer (2019) shows that the outcome of this vote was the result of a long term
policy, suggesting that austerity policies from late 2010 onward are key to understanding
the Brexit. Unlike Aristeidis and Elias (2018), who considered a period of study covering
6 months before the polling day and 6 months after article 50 of the Lisbon Treaty was
triggered, and Belke et al. (2018), who considered the policy uncertainty impact linked to
the Brexit on the UK financial market until May 2016, we test the stability of interdepend-
ence between the European financial markets 3 years before (pre-Brexit period) and 3 years
after the UK’s referendum (post-Brexit period). In fact, the market reaction to a complex
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event such as Brexit can take a long time and needs to be examined over the long term. In
this study, we consider the family of GARCH models and use the methodology of Diebold
and Yilmaz (2009, 2012) to investigate the interdependence and spillover effects across
the three main European financial markets (the UK, Germany and France). This approach
gives a breakdown of the variance in rich information from the spillover dynamics as it
enables us to distinguish the part of variation in the dynamics of a time-dependent vari-
able due to its own shocks from those that occur in a knock-on effect from other variables.
This methodology has the advantage of transforming a large volume of information into a
single quantitative measure called the spillover index. Overall, our approach enables us to
develop a better understanding of the relationship between the three main European finan-
cial markets in terms of returns and volatility spillover, especially during the Brexit period.
Our results highlight a high level of volatility and spillover in the period from September
2015 to September 2016, which confirms the high level of integration between the three
markets and the impact on these markets from the uncertainty surrounding the referendum
outcome. Finally, it is worth noting that the direction of spillover during the pre-Brexit
period was from the UK market to the French and German markets due to the uncertainty
of the outcome of the referendum and the period immediately following it.

The rest of the paper is organized as follows. Section 2 presents our data and methodol-
ogy. Section 3 details our results and the last section concludes.

2 Methodology

In the following sub-section, we provide a brief review of the econometric approaches used
in this study to estimate the spillover index of Diebold and Yilmaz (2009, 2012). We used
the daily logarithmic difference of the closing prices to compute the return spillover index.
For daily volatility, we used the GARCH framework and then the ADCC-GARCH model
to determine the time-varying correlation between the different markets and to analyse the
impact of Brexit on European market integration. At the end of the empirical investigation,
we put forward an analysis of the optimal portfolio using the results of the dynamic corre-
lations. The goal is to analyse the diversification effect in order to help investors to manage
their portfolios, taking into consideration the Brexit risk.

2.1 Stock price volatility and correlation dynamics

We first computed the daily market returns as the logarithmic difference of prices:
return;, = log(P;/P;_,) X 100

where P;, and P;,_, are the closing prices for day ¢ and day ¢ — 1 and i represents the UK,
Germany and France.

In order to reproduce time-variation of market price volatility, we used the
EGARCH model. The EGARCH model is popular as, among other reasons, it can
capture asymmetry and leverage effects. The leverage effect refers to the correlation
between increases in volatility due to negative shocks to returns and decreases in vola-
tility due to positive shocks to returns. Several studies have shown the relevance of the
asymmetric GARCH model in estimating conditional volatility. Chen and Kuan (2002)
applied the modified CCK test of Chen (2001) to compare several conditional volatil-
ity models, accepting only the EGARCH for a number of index prices. In similar vein,

@ Springer



1390 Annals of Operations Research (2022) 313:1387-1403

Poon and Granger (2003) compared several studies related to GARCH models and
concluded that asymmetric conditional volatility estimation models such as EGARCH
outperform symmetric estimation models.

In this paper, we considered the EGARCH model which accounts for asymmetry in
conditional variance of returns since bad news has a greater impact than good news.
Formally, we noted a vector of i European market return by r,, and specified its dynam-
ics as follows:

Tir =MW+ & D

where r;, denotes the returns vector,y; is a constant and ¢, , is an error term at time ¢ for the
corresponding market i.

12
g, =H, "z, 2

it
where H,, is a matrix of conditional covariances of €, z;, is i.i.d. (0, I), and I denotes the
identity matrix.
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where w, B, ¥ and a are parameters to be estimated for each i market.

To enable correlations and variances to vary over time, several multivariate GARCH
specifications were developed. The ADCC model proposed by Cappiello et al. (2006)
is distinguished by its simplicity, as the algorithm execution procedure is conducted in
two steps. Thus, it offers a suitable framework for improving the estimate of the con-
ditional variance and conditional correlation. We estimated the time-varying standard
deviation of the series considered in this paper by using the EGARCH model defined
in the equation in the first step (3) and the time-varying correlation matrix in the sec-
ond step. The parameters for the conditional correlation were estimated, taking into
consideration the parameters from the first step.

The conditional variance H, of €, which is the innovation with the ADCC specifica-
tion, can be expressed as follows:

H, =D.R.D,, 4)

where Rt and Dt are the matrix of conditional correlation of the standardised residuals, and
the diagonal matrix of time-varying standard deviations respectively. The conditional cor-
relation of the ADCC model is defined as follows:

0 =(1-0,-0,)0-0:N+0,(¢,_1¢,_,) +05(e,_se,_,). ®)

wheref,0,, and 6; measure the effects of shocks, dynamic correlations and the asymmetric
effect, respectively. Q represents the unconditional and time-invariant variance—covariance
matrices of the standardised residuals €,, e, = 1 (et < 0)05, (where ° denotes the Hadmard
product element-wise matrix multiplication). The term N = E(e,_ 13:_1) captures the peri-
ods when there is a negative shock for both markets.
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2.2 The Diebold and Yilmaz index

Several approaches were used to measure the spillover effect between financial markets.
We can cite the contagion model of King and Wadhwani (1990) based on the signal
extraction method, the global factor approach of Pukthuanthong and Roll (2009) that
measures integration through time, the Granger-causal networks of Billio et al. (2012)
and the generalized impulse response based spillovers of Alter and Beyer (2014) which
can be seen as the extreme amplification of spillover effects. Diebold and Yilmaz (2009,
2012) approach is distinguished by the fact that it focus on the variance decompositions
and shows how it is possible to aggregate spillover effects in markets by gathering a
large amount of information into a single spillover measure. In the line with the work of
Koop et al. (1996) and Pesaran and Shin (1998), Diebold and Yilmaz (2012) use a gen-
eralized VAR framework. The generalized framework brings an important innovation
in that it allows correlated shocks to be appropriately addressed using the historically
observed distribution of the errors.

Diebold and Yilmaz (2009) proposed spillover measures based on forecast error vari-
ance decompositions from the orthogonalized impulse response function. This meas-
ure of the return and volatility spillovers uses vector autoregressive (VAR) models and
allows us to decompose the variance to get rich information from the spillover dynam-
ics. Diebold and Yilmaz (2012) improved their method by using a generalized vector
autoregressive model where forecast-error variance decompositions are invariant to var-
iable ordering. This approach helps to address the limitation of the first version of the
Diebold and Yilmaz (2009) model with the order-dependent results due to the use of the
Cholesky factor orthogonalization.

Let us consider the N-variable VAR(p) specification given by:

P
X = Z dx,_; + € (6)
t=1

where x, can be a vector of asset returns or return volatilities, €, a vector of independently
and identically distributed residuals and ¢, the model parameters to be estimated.

Under the assumption of covariance stationarity, the VAR defined in the Eq. (1) can
be rewritten in a moving average representation as:

x= D A (7

where A; are the coefficients of the N XN matrix, A; is followed by the recursion
A=A+ PAi, + .. +P,A,. Agis an identity matrix, and A; = 0 fori < 0.

The generalized VAR model used by Diebold and Yilmaz (2012) allows us to express
the H-step-ahead generalized forecast-error variance decomposition. The latter defines
the eigen-variance share as part of the H-step-ahead error variance in anticipating x; due
to the shocks to x;, and spillovers as part of the H-step-ahead error variance in anticipat-
ing x; due to the shocks to X, fori,j=1,2,....N, such that i # j. Then, using the gener-
alized VAR framework of Koop et al. (1996) and Pesaran and Shin (1998), the H-step-
ahead generalized forecast-error variance decomposition denoted as ij(H) is expressed
as:
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aj;l Yl (eAze)
(e AhZA e; )

05(H) = ®)

h()

where %, 6; and ¢; are respectively the variance matrix for the error vector €, the standard
deviation of the error term for the jth equation and the selection vector with 1 as the ith ele-
ment and O otherwise.

Each entry of the variance decomposition matrix is then normalized by the sum of the
elements of each row of the variance decomposition table as:

65(H) a’sj(H)
iD= SN e ©)
B IRy )

Diebold and Yilmaz (2012) use the Koop et al. (1996) and Pesaran and Shin (1998) var-
iance decomposition approach to determine the total spillover index (TS). This approach
solves the ordering problem that arose in the Diebold and Yilmaz (2009) model. The TS
index can measure the contribution of the spillover of shock returns or volatility across dif-
ferent variables to the total forecast error variance. The TS index is expressed as follows:

>V B >V 8
TS(H) = Nj;floo - Lmo (10)
i 05D N

Moreover, with this approach it is possible to calculate the directional y spillover (DS)
on the basis of the normalized elements of the variance decomposition matrix. This allows
us to map the direction of spillovers across different variables, making it possible to meas-
ure volatility spillovers received by variable i from all other variables j and in the opposite
direction, as well as the spillover from the variable i to all other variables j. The DS meas-
ure is expressed as follows:

The DS to measure spillovers received by variable i from all other variables j is written

as:
2/—1 U(H) 21—1 U(H)
(H) = L % 100 = LIOO 1D
Sies Yo 05D N

The DS to measure spillover from the variable i to all other variables j is written as:

zj_1¢]l(H) ZJ_1¢U(H)
JFI JTF1
DS, (H) = —y———— X100 = ————100 (12
Y 05D N
The net spillover (NS) allowing us to estimate the contribution for the variation of the vari-
able i to the other variables j is written as:
NS,(H) =D H) —

Siaj( t<—j(H) (13)
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Finally, the net pairwise spillover (NPS) allows us to measure the difference between the
gross shocks transmitted from the variable i to the variables j and those transmitted from
the variables j to the variable i. This measure is expressed as follows:

0% (H) 65(H) 6%(H) — 65(H)
NPS;(H) = | ———— - ——— x100=| Z——2 ) x 100
DIENACIND W) N

(14)

3 Empirical results
3.1 Data

The aim of this paper is to investigate the dependence between the London stock exchange
and the main European financial stock markets over Brexit. We chose the German market
(DAX 30) and the French market (CAC40) as they are the largest economies and the big-
gest financial markets in Europe. They are also the most important countries with which
the UK has an economic relationship. We broke down our period of study into two periods:
3 years before the 23rd of June 2016 (pre-Brexit period) and 3 years after this date (post-
Brexit period). We chose this period of study in order to avoid including the subprime cri-
sis in the period before Brexit and to avoid contaminating our post-Brexit period with the
Covid-19 crisis.

Figure 1 clearly shows the impact of anticipation of the referendum in June 2016. All
three figures of the return series highlight a high level of positive and negative returns start-
ing in June 2015, which shows that the markets were anticipating the uncertainty of the ref-
erendum result. Table 1 reports the main statistical properties based on the returns’ series
plotted in Fig. 1. Regarding the means, the DAX 30 exhibits the highest mean returns in
comparison to the CAC40 and the FTSE 100. In terms of standard deviation, the FTSE
100 shows the lowest level during the whole period, while the CAC40 and the DAX 30
were at virtually the same level. During the period of investigation, the maximum drop was
experienced by the CAC40, where the highest positive return was for the DAX 30. Skew-
ness is often negative and statistically significant during this period for all three indices.
The Kurtosis suggests that the distribution tails for the three series are higher than those of
a normal distribution. Finally, using the Jarque—Bera test, normality is statistically rejected
for the three series considered in this paper.

3.2 Time-varying relation between the UK, France and Germany

Table 2 reports the EGARCH parameters estimation for the period from June 2013 to June
2019. The parameters « and f are significant for the three series, which indicates that the
conditional volatility at time ¢ is impacted by the conditional volatility of # — 1 as well as by
new information arriving on the markets. The high $ value slightly inferior to 1 observed
for the three markets returns reflects the long-term memory, i.e., the phenomenon of per-
sistence in the volatilities of these market returns. The significance of a means that infor-
mation arriving on these markets will have a greater impact on conditional volatility. The
y parameter captures the leverage effect, negative correlation between returns shocks and
subsequent shocks to volatility. The y parameter is significant for all three markets. In other
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Fig. 1 Returns index series

Table 1 Descriptive statistics CAC 40 returns DAX 30 returns FTSE100 returns

Mean 0.000273 0.000312 0.000116
Median 0.000180 0.000470 0.000129
Maximum 0.041439 0.049717 0.035775
Minimum —0.080425 —0.068233 —0.046670
SD 0.010458 0.010775 0.008302
Skewness -0.377227 —0.286956 —-0.126141
Kurtosis 7.028737 5.372542 5.647342
Jarque-Bera  1109.495 393.4982 467.0509

Probability 0.000000 0.000000 0.000000

words, volatility in these markets increases more after a negative shock than after a positive
shock of the same magnitude.

Figure 2 shows the volatilities for the FTSE 100, the CAC40 and the DAX 30. Interest-
ingly we can note that anticipation of the referendum of June 2016 led to increased vola-
tility, and therefore a risk for all three markets. The referendum effect is clearly visible in
Fig. 2, with the highest level of volatility during the period from June 2015 to September
2016. The results also indicate that conditional volatility for the CAC40 is significantly
higher than that of the FTSE 100 and the DAX 30.
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Table 2 EGARCH parameters CAC 40 returns DAX 30 returns FTSE100 returns

u
Coeff 8.83E-05 0.000222 —0.000157
Prob 0.6728 0.3113 0.3682

Q
Coeff —0.4043 -0.3729 —0.5630
Prob 0.0000 0.0000 0.0005

o
Coeff 0.121841 0.110208 0.1256
Prob 0.0022 0.0008 0.0011

Y
Coeff —0.1582 —0.1094 —0.1591
Prob 0.0000 0.0000 0.0000

p
Coeff 0.9665 0.9685 0.9530
Prob 0.0000 0.0000 0.0000

LogL 5171.061 5076.180 5535.358

" Significant at p<0.01; **significant at p<0.05; *significant at
p<0.1

10 cacd) . x10° dax 30
T

cac 40 conditional volatility
dax 30 conditional volatility

I I i 1 h I i I
0
0612013 0612014 0612015 0612016 062017 0612018 0612019 0612013 0612014 0612015 062016 0612017 06/2018 0612019
t t

x10° FTSE 100
T

FTSE 100 conditional volatility

0 L h A
0612013 0612014 0612015 0612016 0612017 0612018 0612019
t

Fig.2 Volatility Series plots for France, Germany and the UK

Table 3 presents the estimation of parameters of conditional covariance. 8, indicates that
the effect of shocks on conditional correlation between the three European markets is sig-
nificant. The relationship seems to be stronger between the pairs (CAC40-DAX30) and
(DAX30-FTSE100) than (CAC40-FTSE100). 6, measures the dynamic correlations and
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Table 3 Estimation of conditional covariance parameters

CAC40-DAX30 DAX30-FTSE100 CAC40-FTSE100
0,
Coeft 0.063621 0.064387 0.034974
Prob 0.0066 0.0059 0.0000
6,
Coeff 0.776155 0.850141 0.925482
Prob 0.0000 0.0000 0.0000
0,
Coeff 0.001111 0.002075 0.004582
Prob 0.1082 0.4649 0.0002
Log-likelihood 11,500.44 11,185.56 11,418.69

“*Significant at p <0.01; **significant at p < 0.05; *significant at p <0.1

is significant for all the market pairs. There is significant transmission between the three
markets over the long term. In addition, the impact is positive and market volatilities vary
in the same direction. #; measures the asymmetric effect. However, this parameter is only
significant for the pair (CAC40-FTSE100). This confirms that the relationship between
these markets is time-dependent and that the ADCC model is appropriate for this study.
Figure 3 presents the time-varying correlations between the three markets. The strong-
est relationship is between the pair (CAC40-DAX30), with the highest level of cor-
relation around 0.9 during the whole period. This result confirms that the level of inte-
gration between the German and French markets is very strong. For the other pairs,
(DAX30-FTSE100) and (CAC40-FTSE100), the relationship is more volatile. The

cac 40 - dax 30 cac 40 - ftse 100
T T

conditional correlation
T
L

conditional correlation

o | L L L 0 L L
062013 062014 0612015 062016 0612017 0612018 0612019 06/2013 0612014 0612015 0612016 0612017 06/2018 0612019

ftse100 -- dax 30
T

conditional correlation

0 I I I I I
06/2013 0612014 06/2015 0612016 0612017 0612018 06/2019
t

Fig.3 Time-varying correlations between the French, German and UK index series
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Table 4 TS index and Net spillover of returns

TVS index Net spillover
FTSE 100 CAC 40 DAX 30
June 1, 2013 to June 23, 2016 0.6141 0.0294 —0.0282 —0.0012
June 23, 2016 to June 30, 2019 0.5479 —0.0551 0.0607 0.0056
June 1, 2013 to June 30, 2019 0.5845 —0.0037 0.0162 0.0001

returns spillover index ftse100 CAC DAX
T T

0.55

0.5

Total Spillover

0.45

0.4 1 L L L 1 L
10/2013 06/2014 06/2015 06/2016 06/2017 06/2018 06/2019
t

Fig. 4 Dynamic total spillover index for the returns of France, Germany and the UK. The values are calcu-
lated from the forecast error variance decompositions

conditional correlation oscillates between 0.5 and 0.85 for the pair (DAX30-FTSE100)
and between 0.4 and 0.85 for the pair (CAC40-FTSE100).

3.3 Return and volatility spillovers between the UK, France and Germany

In this section we first focus on the empirical results for return spillover and then report
the findings concerning volatility spillover following the approach of Diebold and Yilmaz
(2009, 2012). For both cases, we estimate first the total spillover index (TS) from Eq. (10),
which allows us to measure the contribution of the spillover of returns or volatility shocks
across different variables to the total forecast error variance. Second, we compute the net
spillover (NS) from Eq. (13), which allows us to estimate the volatility or returns contribu-
tion for the variable i to the volatility or returns of the other variables j.

3.3.1 Thereturn spillover

Table 4 reports the static total index and the static net spillover for the European market
returns and then the dynamic total index and the dynamic net indexes in Figs. 4 and 5
respectively.

Table 4 shows that the TS index is higher for the first period before June 23, 2016, the
date of the referendum. In Fig. 4, the highest level of TS is between September 2015 and
September 2016. This period corresponds to the uncertainty surrounding the Brexit refer-
endum. The high level of TS confirms the high level of integration of these markets and the
fact that the uncertainty surrounding the outcome of the referendum had an impact on all
three markets. The index remained at a high level until September 2016 and has gradually
decreased since then.
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Fig.5 Dynamic net spillover of index returns for France, Germany and the UK

The results of the net spillover for the return indexes are interesting. Recall that the net
spillover is calculated as “the spillover to “minus” the spillover from”. First, the net volatil-
ity spillover for the UK during the whole period is negative where the CAC40 is positive
and the DAX 30 slightly greater than zero. This finding shows that over the whole period
in question, it is the CAC40 that has a positive balance between what was communicated
and what was received as spillover. Second, in the post-Brexit period, it was the FTSE 100
that transmitted more spillover than it received. Indeed, in Fig. 5, we can see that net spillo-
ver in 2016 is positive for the FTSE 100 and negative for the CAC40 and DAX 30, which
shows that the spillover direction in this period was from the UK market to the French and
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Table 5 TS index and net spillover of index volatilities

TS index Net spillover
UK France Germany
June 1, 2013 to June 23, 2016 0.6219 0.0612 —-0.0612 -0.0223
June 23, 2016 to June 30, 2019 0.5613 —0.1093 0.1131 —0.0037
June 1, 2013 to June 30, 2019 0.5713 —-0.09 0.0728 0.0232

0.65 volatilities spillover index ftse100 CAC DAX
A T T T

0.6

0.55

0.5

0.45

Total Spillover

0.4

0.35

0.3 1 | 1 | 1 1
10/2013 06/2014 06/2015 06/2016 06/2017 06/2018 06/2019
t

Fig.6 Dynamic total spillover index for the volatilities of France, Germany and the UK. The values are cal-
culated from the forecast error variance decompositions

German markets in anticipation of uncertainty about the outcome of the referendum and
the period immediately following it.

3.3.2 Volatility spillover

In Table 5, we report the static total index and the static net spillover for the three Euro-
pean market volatilities, while in Figs. 4 and 5, we present the dynamic total index and the
dynamic net indexes respectively.

In Table 5, Figs. 6 and 7, we can see that the results follow the same trend as the spill-
over of returns. However, it is interesting to note that the spillover levels of volatilities
are higher with more abrupt changes. The highest level of the total spillover index is con-
sistently observed around the date of the referendum. From March 2018, several events
impacted the spillover between the three markets. Negotiations on the future relationship
between the EU and the United Kingdom, the initially planned 29th March exit terms and
conditions, and also the fact that no compromise was reached on the Irish border issue led
to a new episode of volatility in all three markets. Conditional volatilities as well as the
TS surged during this period. On June 12, 2018, the parliamentary process regarding the
“withdrawal law”, led to a period of uncertainty with the beginning of the “parliamentary
ping-pong”. Finally, Aristeidis and Elias (2018) used intraday data returns to highlight the
contagion effect associated with the referendum date. The results of this study with the
use of the approach by Diebold and Yilmaz (2009, 2012) extended the above work and
allowed us to map this relationship in order to better understand the relationship between
these markets over the course of our study period.
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Fig.7 Dynamic net spillover of index volatilities for France, Germany and the UK

3.4 Optimal portfolio weights

For this final section, we computed the optimal daily time-varying weights. The goal was
to better understand the portfolio design dynamics during the 2013 and 2019 period, espe-
cially the changes due to the uncertainty surrounding Brexit.

The calculation of the optimal portfolio weights has been one of the most important
issue in finance and risk management literature. The optimal portfolio weights can be
determined by minimising the risk of the portfolio without impacting the expected returns.
In his paper we consider the Kroner and Ng (1998) approach to calculate the optimal
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holding weights. This approach has important economic implications for building accurate
asset pricing strategies. We assume that the investor holds a UK asset and wants to hedge
his or her exposure against the uncertainty linked to Brexit during this period by consid-
ering asset j (where j can be France or Germany). Using the approach of Kroner and Ng
(1998), the optimal portfolio weights are calculated as follows:

hj,j,t - hUK,j,t
Wukje = g 2h h
UK, UKt — 2hyg e + Dy,
0, if Wy <0
Wukje =9 Wokge if 0 S Wy <1
Lo Wg> |

where Wy, represents the optimal daily weights invested in the FTSE 100 asset.
hyg uk e by and hyy ;, are the conditional volatility of the FTSE 100, the conditional vola-
tility of the index that completes the portfolio and the conditional covariance, respectively.

In terms of mean—variance analysis, the investors have to adapt their positions taking
into account the optimal portfolio weights of Kroner and Ng (1998). However, investors
should not rebalance their positions at every time t, as this can lead to a significant increase
in transaction costs. Investors can take into account the average weightings of the com-
ponents of a portfolio over a given period of time and rebalance the portfolio by buying
the underweighted assets and selling the overweighted assets. From Fig. 8, we note that
the optimal weights appear to be time-varying and change over the period 2013-2019.
Clearly, from the beginning of 2016, uncertainty related to the referendum began to grow

UK--cac 40
T

Optimal weight

0.2 —

0 1 1 1 1 1 L
06/2013 06/2014 06/2015 06/2016 06/2017 06/2018 06/2019
t

UK--dax 30
T

0.8 —

o
)

I
~

Optimal weight

0.2 —

L 1 1 1 1

0
06/2013 06/2014 06/2015 06/2016 06/2017 06/2018 06/2019
t

Fig. 8 Optimal weights for the pairs (FTSE100-CAC40) and (FTSE100-DAX30)
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in the markets, with more volatility for the FTSE 100. The optimal daily weights initiated
a decline from the beginning of 2016 due to the volatility of the FTSE 100 in favour of the
CAC40 and the DAX 30.

4 Conclusion

In this paper we used the approach of Diebold and Yilmaz (2009, 2012) to better map the
relationship between the three main European markets during the 2013 and 2019 period,
which includes the date of the Brexit referendum. We divided our timeframe into two peri-
ods: 3 years before the 23rd of June 2016 (pre-Brexit period) and 3 years after this date
(post-Brexit period). Our findings show that the highest level of the total spillover index for
returns and volatility is consistently observed around polling day. Throughout this period,
volatility and total spillover increased in accordance with news releases about Brexit, such
as the negotiations regarding the future relationship between the EU and the United King-
dom. On June 12, 2018, the parliamentary process regarding the “withdrawal law” led to a
period of uncertainty with the onset of the “parliamentary ping-pong” episode, but also the
fact that no compromise was reached on the Irish border issue, leading to a new chapter of
volatility in all three markets.
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