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Abstract

In this paper, we examine the role of the Globally Systemic Important Banks, GSIB, located in Europe as a
possible source of financial distress in eurozone. For this purpose we fit a MIDAS VAR to daily observation
of individual bank CDS spread changes (a proxy of individual bank distress) and to the weekly
observations of the CISS index constructed by ECB to proxy financial distress in the eurozone. Our findings
show that, overall, GSIBs’ distress shocks account for 8.5% of the EZ financial stress variation at 4-week
horizon, by averaging across different regimes, and, during the financial turmoil period, their impact
raises above 10%. Moreover, the shocks in MIDAS VAR model explain a much larger part of the FEVD than
those obtained by a traditional VAR model.
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1. INTRODUCTION

The instability in banking sector has been one of the major threats for the European financial
system in the last decade. Firstly, this instability has originated after the collapse of the US investment
bank Lehman Brothers. In the following years, several eurozone member states were facing the
possibility of default since the significant amounts of euro-area sovereign debt were held in the
European banks. As the result, the default risk in the majority of the European banks reached the peak
in the end of 2011. In that time, the financial regulatory authorities have introduced new regulations in
order to prevent the failure of so-called global systemically important banks (GSIBs). In November
2011, Financial Stability Board (FSB) published a list of GSIBs, which failure due to their notable size,
interconnectedness, substitutability, complexity, cross jurisdictional activities would be significantly
harmful for the all financial system and economic activity (FSB, 2016). Nevertheless, in the end of
2016, the fears of a European banking crisis have been still on the rise, with the particular attention to

Germany's Deutsche Bank.

In this paper we seek to examine the role of the European GSIBs as a possible source of
financial distress in euro-area. Our empirical analysis concentrates on 12 GSI banks located in Europe.
In line with recent literature, we use daily CDS spreads with 5-year maturity as an indicator of G-SIB
distress.! To proxy financial distress of the eurozone we select a weekly composite indicator of
systemic stress (CISS) for EZ, developed by Hollo (2012). The collected data covers the period starting
before the global financial crisis and ending in 28/10/2016. In particular, our analysis is carried out
for three periods: (i) before the global financial crisis (GFC), (ii) during the GFC and European
sovereign debt crisis (SDC), and (iii) after the SDC. Unlike many studies, we do not impose the start
and the end day of each period exogenously. Instead, we infer the break dates from our data. For this,
we use Qu and Perron (2007) methodology applied to a reduced-form VAR(1) model fitted to the
changes in CDS spread and the CISS index.

This paper contributes to the literature in several ways. First, to analyse the importance of
GSIBs to EZ financial distress we use a recently developed structural MIDAS-VAR model, suggested by
Ghysels (2016), which allows to deal with mismatch of the data frequency. In particular, we estimate
forecast error variance decomposition and impulse response analysis by using mixed frequency data:
daily CDS spreads and weekly CISS index. By using MIDAS-VAR we can evaluate the effect of European
GSIBs distress shocks depending on the day of the week they occur. We also compare the results

obtained by MIDAS-VAR model and the common-frequency (traditional) SVAR model.

1 Even if CDS spreads have a number of advantages in proxing for credit and default risk, the use of CDS spreads
data for financial institutions is relatively recent (Ballester et al., 2016; Alter and Schiiler, 2012; Alter and Beyer,
2014, among others).



Second, our paper contributes to the literature on financial stability monitoring and on global
systemically important European banks supervision. In particular, our paper relates to a literature
seeking to measure the contribution of financial institutions to a whole financial system. Several
authors have proposed measures to identify the systemic contribution of a bank or other financial
institution to the all financial system. Among others, Adrian and Brunnermeier (2016) proposed the
Conditional Value-at-Risk (CoVaR) to evaluate the system loss conditional on each institution being in
distress. Other alternative measures of expected loss of an institution when the system is in distress
are: Marginal Expected Shortfall (MES) by Acharya et al. (2017), the Systemic Risk Measure (SRISK) by
Brownlees and Engle (2016) and the Distress Insurance Premium (DIP) by Huang, Zhou, Zhu (2012).

Since our sample period includes a number of key events affecting the eurozone financial
market, like: global financial crisis, eurozone crisis, the changes in the banking supervision regarding
the GSIBs, few questions have arisen. How important are European GSIBs for eurozone financial
stability? How the impact has changed during the years? What is the role of non-EZ GSIBs for the EZ
financial distress? Which European GSIBs were the most important for EZ financial distress before and

after the global financial crisis?

The main findings of our paper are the following. First, EZ financial stability is vulnerable to
European GSI banks distress shocks and the contribution has been increasing in period 2002 - 2016.
In the period before the global financial crisis, only distress shocks of two analyzed banks explained
more than 10% of the EZ financial stress variation at 4-week horizon. While in the later period (July
2007 - October 2016) 8 out of the 12 analysed GSI banks accounted for more than 10% of the EZ
financial distress. Overall, we find that the major contribution of GSIBs distress shocks to CISS
fluctuations occurred in the last regime. Second, MIDAS-SVAR results suggest that a shock observed at
the beginning of the week, especially Monday, has a stronger effect than the shocks occurring in the
other days of the week. In addition, we observe that the main results in MIDAS SVAR model are
supported by the traditional SVAR. However, the shocks in MIDAS-SVAR model explain a much larger
part of the FEVD than in traditional SVAR model.

Third, we find that in the recent years the 4 biggest contributors to EZ financial distress were
UBS, DB, Barclays bank and HSBC bank. In contrast, we find that UniCredit bank and Société Générale
bank were the least important for EZ financial fluctuations in 2002-2016. Moreover, the rankings
suggest that the contribution of non-eurozone GSIBs is not less important as the contribution of EZ-
GSIBs. In addition, the systemic importance of non-eurozone GSIBs has increased since September
2007. Finally, the biggest contributors to the EZ financial distress not often coincide with the banks
with the highest CDS spreads.

The rest of the paper is organized as follows. In Section 2 we present the methodology. Section

3 describes the data. Section 4 discusses our results. Finally, Section 5 concludes.



2. METHODOLOGY
2.1 Structural Change Points in VAR Models

We use Qu and Perron (2007) methodology to test for structural change points in a VAR model
when the dates and the number of points in the parameters are unknown. Following the authors’
notation, we denote m as total number of structural changes in the system and m+1 as the number of
unknown regimes. The total number of observations is indicated by T and the unknown break dates by
vector(Ty, ..., Ty, ), where Ty = 1and T,,,1 = T. Consequently, each regime j = (1, ..., m + 1) has a sub-

period of length T;_; + 1 <t <Tj. Consider the following reduced-form vector autoregressive model

with two variables and 1 lag, as in the application in Section 4:

Ve =M+ Tye1 +up (1)

where y;, = (ACISS;,Acds;)" is a vector of weekly endogenous variables observed at week ¢
uj = (uj, 1) is a constant term, Ty = (¥ji!, vj, v v/ is a (2 x 2) coefficient matrix of the model
and an error term u; has a mean zero and a covariance matrix E(u,u;) = Y,;. When testing for

structural breaks, we allow only a covariance matrix ), of residuals to change.

In order to determine the number of break points in the model, we rely on tests suggested by Qu
and Perron (2007). Firstly, we use a double maximum test to see if at least one structural break is
present in our model. More precisely, we test the null hypothesis of no structural break versus an
unknown number of breaks given some upper bound M. If the test rejects the null hypothesis, we use a
SEQ(1+1]1) test. The test uses the sequential testing procedure considering the null hypothesis of /

breaks against an alternative hypothesis of I+1 structural breaks.

2.2 From Traditional to Mixed Frequency VAR Models
2.2.1 VAR Analysis: Traditional Approach

In a traditional VAR model it is common to use the time series sampled at the same frequency. If
the data have a different frequency the usual solution is to aggregate the higher-frequency variable to
the frequency of the lowest-frequency variable. In our case, a CISS has a weekly frequency and all CDS
spread variables are published daily. Thus, for our traditional VAR model estimation we simply take an
average of a daily CDS spread within one week. In addition, we test for unit roots in all the variables,
using the Augmented Dickey-fuller test (ADF, Dickey and Fuller, 1981). The results show that all the
variables are integrated of order one (i.e. stationary in first differences). Thus, for the analysis we

transform the data in the first-differences.



Consider a traditional structural representation of VAR (p) model is as follows:
Ay, =c+ Z?:l Ciye-i + Ber, &~N(0,1,) (2)

where y:is a (2x1) vector of endogenous variables, containing a weekly change of CDS spread(Acds)
and a weekly change in eurozone’s financial distress (ACISS), A is a (2x2) coefficient matrix of
contemporaneous relations among the endogenous variables, B is a (2x2) coefficient matrix of
standard deviations restricted to be diagonal and ¢; is a (2x1) vector of orthogonalized structural

shocks with covariance matrix . The structural shocks & include a GSI bank distress shock (¢) and a
EZ financial distress shock (stf). In order to estimate the structural model we need to express it in a

reduced-form. We can do it by pre-multiplying the structural model by AL A reduced-form vector

autoregressive model with p-lag order:

Yt =M + Z§)=1 l—‘th—i + Uy, utNN(O' z:u)' (3)

where y, = (Acds;, ACISS,)" is a vector of an endogenous variables observed at week t, u; = (ut, u®’

is a constant term, I; = (¥}, ¥#2,¥2,v??) is a (2 x 2) coefficient matrix of the model and an error term

u: has a mean zero and a covariance matrix E (u;u;) = Y,,,. In the first step, the residuals (u;) of the
reduced-VAR model (3) are obtained by using OLS estimation.z Then, in the second step, we identify
the structural shocks by using exactly identified Cholesky decomposition. Considering that we are
interested in analysing the impact of GSI bank distress shock on EZ financial distress, we put a variable
of CDS spread before the CISS. Therefore, we assume that a GSIB’s distress shocks affect

contemporaneously (within a week) a EZ financial distress, but not vice versa. Thus, we consider

0

matrix 4 = ((11 1

)to be a lower triangular matrix with 1’s on the diagonal and the matrix B =

(%1 : ) to be simply diagonal, with b; and b, being the standard deviations. Finally, the structural
2

shocks can be estimated from the reduced-form errors by using this relationship:
ut = A_lBet etNN(O, Iz), (4)

Then, we estimate the impulse responses from the structural Vector Moving Average
representation:

Ve = Pogr + P& + -, (5)

where @; matrix contains the structural impulse responses, which can be estimated from ®; =

l‘IJiA_lB, l'IJi = Zis=1 l'IJS_iFi fOT'i = 1,2 w3

2 An optimal lag length p was chosen using a Bayesian information criterion.

3 We consider a reduced-form VAR(p) model Vector Moving average representation to be:
Ve = l'pout + l'Plut_l + oty Wlth lpo = 12 .



2.2.2 VAR Analysis: MIDAS Approach

In a recent literature, it has become more popular to use a mixed-frequency data directly,
without a need to aggregate the data the same sampling frequency (see Ghysels, 2016; Clements and
Galvao, 2008; Foroni et al., 2015; Gotz at al,, 2016; among others). In this section, we present a VAR
model for mixed frequency data proposed by Ghysels (2016).

Let us firstly consider a common notation in a mixed-frequency literature. We denote a low-
frequency variable by y;and a high frequency variable by yy. A high-frequency variable is observed m
times during a low-frequency period t. Ghysels (2016) distinguish the situation where (i) m is fixed e.g.
the case where series have quarterly/annual, monthly/quarterly, weekly/daily observations; and (ii) a
situation where m is pre-determined by a certain time path e.g. daily/monthly, weekly/quarterly
observations. In this paper, we consider a weekly/daily observation case when the high-frequency
variable — CDS spread, is observed 5 days during a week, i.e. m=5. An index j =(1,2,3,4,5) indicates a
specific high-frequency observation in a week t. More precisely, we indicate a CDS spread on Monday
by yy(t, 1), Tuesday by yy(t,2), Wednesday by yy(t,3), Thursday by yy(t,4) and Friday by yy(t,5).
Next, we compose a vector of endogenous variables following Ghysels (2016) stacked vector approach.
Thus, we append a low-frequency and high-frequency variables into the column vector of six
endogenous variables.*

Consider a basic reduced-form MIDAS-VAR(p) model:
Ze=p+ 25;1 LZe—; +u'™, (6)

where Z, is a vector of endogenous variables, I; is a coefficient matrix and u!¥is independent and
identically distributed (ii.d.) error term with Eu¥F) = 0 and E(uMFu}F") = MF. In lag operator

notation, the MIDAS-VAR(p) can be written as:

r(z, = p+uMt, (7)

where L denotes a low-frequency lag operator and I'(L) = 1 —ZilI‘iLi. Z; is generated by the

MIDAS-VAR(p) model, for which it holds that that (i) the roots of the matrix polynomial I"(L) all lie
outside the unit root circle; (ii) uM¥is independent and identically distributed (i.i.d.) with E(u}F) = 0,
E(uMFuMF") = MF. The assumption (i) ensures that the MIDAS-VAR is 1(0) and (ii) is a standard
assumption to ensure validity of the bootstrap for VAR models (see Gotz at al. 2016, Assumption 2). A
reduced-form MIDAS-VAR model can be treated as a traditional VAR model. The parameters in [}, and

4 For more details on stacked vector see Ghysels (2016).



residuals (u¥F) of the model can be estimated by using an OLS estimator and an optimal lag length can
be obtained using a standard approach.>
Consider Z; = (yH(t, 1), yy(t,2),yy(t,3), yy(t,4), yu(t, 5),yL(t))’ to be a vector of endogenous

variables. Then a reduced-form MIDAS-VAR(p) model in a matrix notation has the following form:

yu(t, 1) " /@1 V%z V%s V%zx Y%s V%\ vyt —1i,1) uy(t, 1)
yu(t,2) /Hz\ Va1 Y22 Y23 Y24 V25 V2 yu(t—1,2) uy(t,2)
yu(t,3) :|ﬂ3 |+ 37 V§1 V%z V§3 V§4 V%s Yé yH(t_l:'3) uy(t,3) 8)
Yu(t,4) Ha U iy vie vis vis vis vi||Ye(E—Ld) un(t,4) I
u(6,5) \ﬁi/ \Vél Vi, Vs Vis vis ¥ / ya(t=15) un(t, 5)
) Vi vk vis vhe vis v/ T )

where a time index t remains a week, as in a traditional VAR model (3). Parameters to be estimated in

each [} are (m+1)? withi = (1,...,p) being a lag order and a covariance matrix of error term being

symmetric:
0-11 CEE} CEE} O-lL
PO e
oMF = 22 I 9)
o : .
51
0,1 Oz =+ 0f

In MIDAS-VAR model a matrix I} includes the dynamics of the high-frequency variables naturally
missing in the formulation of the traditional reduced-form specification.6 Moreover, the covariance
matrix of error terms contains contemporaneous relations between the high frequency variables
(011 ) 015,021, -, O35, ..., 051, ..., 055) and between the low- and high-frequency variables

(011, -, 015,011, ---, 051) (See Bacchiocchi et al. 2016, Gotz et al. 2016).

Now, consider a structural MIDAS-VAR model:

yu(t, 1) yu(t—1,1) ey(t, 1)
yu(t, 2) yu(t—1,2) ey(t,2)
yu(t,3) | _ P~ yu(t—1i,3) ey (t,3)
A Yae ) |TT2=GX S gy | Tl g0 | (10)
\yﬂ(t, 5) Vi (t—1i,5) en(t,5)
v (t) y(E—1) g (t)

where A is a coefficient matrix containing contemporaneous relations within a week, C; is a matrix
containing structural-form VAR coefficients and eMf = (e4(t,j)’, €,(t)")is a vector of structural

shocks, with a covariance matrix ¥ ~N(0, I¢). Structural shocks can be recovered from reduced-form

5 We choose an optimal lag length p (in weeks) by using a Bayesian information criterion.

6 In MIDAS-VAR approach, a high-frequency variable does not depend on its own natural lag. For instance, the
observation of Tuesday of week t does not depend on observation of Monday of the same week ¢, i.e. yy (¢, 2)
does not depend on its first natural lag y; (¢, 1).



errors uMf by ulMF = A71BeMF and its variance-covariance matrix is IMF = AT1BB'A™Y'. For
estimation we use a ML estimator, generally used also in a traditional SVAR literature.

We analyse dynamic interactions between the endogenous variables in MIDAS-VAR model by
using the impulse response analysis. Since the ordering of the variables in the stacked vector (Z;) in
MIDAS-VAR models is no longer arbitrary, Ghysels (2016) consider the Cholesky decomposition to be
a natural tool for an impulse response analysis.” Thus, we identify the structural shocks by using
Cholesky decomposition and ordering a CISS after the CDS spread.8 Likewise in a traditional SVAR
model, we estimate the impulse responses from the structural form of vector moving average

representation in eq. (5), by considering the following relationship:

cds br
t, 1 g (t, 1
1) 1 0 0 0 0 O/by 0 0 0 o oy/#E®D
cds br
(t,2) eh(t,2)
aa 1 0 o o0 o\[O by O O O O o
CdS(t 3) az a3 1 0 0 0lfo 0 by O 0 O | ey (¢,3) | an
uff (t,4) ap as as 1 0 0fl o 0o 0 b 0 0 Nefr@Ea|
k CdS(t 5)) a; ag a9 %o 1 0 \ 0 0 0 0 bss bo / Hr(t’ 5)
a1 Q12 a3 N4 a15 1 0 0 0 0 0 66
ufiss (t) ! 0

where u§*(t, j), ué’sS(t) are the error terms of reduced-form model, 5 (t,j) represent a bank
distress shock in a j’th day in a week t and a ¢] (t) is a financial distress shock in euro area in a week t.
Therefore, we assume that the high-frequency structural shocks (2" (t, j)) hit a low frequency variable
5 times within the same week (a1, a1, 13, @14, a15), but not vice versa. In addition, we assume that a

bank risk shocks on Monday €27 (t, 1) affects a CDS spread of the following days of the week t

(a1,a;,a4,ay).

3.DATA

To identify the impact of Global systemically important banks’ distress on the overall EZ
financial system we rely on two proxies: credit default swap (CDS) spreads and composite indicator of
systemic stress (CISS) in EZ.

Our analysis concentrate on 12 banks located in Europe: BNP Paribas (FR), Banco Santander S.A.
(ES), Barclays Bank PLC (UK), Groupe Crédit Agricole (FR), Deutsche Bank AG (DE), HSBC Bank PLC (UK),
ING Bank NV (NL), Royal Bank of Scotland (UK), Société Générale S.A. (FR), Standard Chartered Bank
(UK), UBS AG (CH) and UniCredit SpA (IT). All the selected banks, according to FSB, were considered as

the Global Systemically Important Banks in 2016. In line with recent literature, we use the CDS

7 See also Ghysels (2016), Foroni et al. (2015).
8 See section 2.2.1 for the explanation of the variable order.



spreads as an indicator of G-SIB distress.? In particular, we collect the senior CDS spreads with 5-year
maturity since these contacts are generally considered the most liquid and constitute the majority of
the entire CDS market.1® The data is from Bloomberg. All CDS spreads are free of units and are usually
denominated in basis points. For our analysis we transform CDS spreads in percentages, where 1 basis
point = 0.01%.

As a measure of financial distress in eurozone we use a Composite Indicator of Systemic Stress
(CISS), proposed by Hollo et al. (2012). CISS index is based on 15 raw indicators of financial stress
representing the movements in five important financial sectors of euro area: money market, foreign
exchange market, the bank and non-bank financial intermediaries sector, equity market and bond
market. The construction of the index consists in: firstly, the raw indicators have to be transformed by
cumulative distribution function (CDF). Secondly, the separate sub-indexes are computed for each of
the five markets and finally, the five sub-indexes are aggregated by taking into account the time-
varying correlation between five sub-indexes. We collect CISS data from ECB database. By the
construction, the value of CISS varies between 0 and 1. The higher CISS indicates the higher stress level

in eurozone.

Table 1. Dataset: description and sources

Time span: Time span:
Name of the variable  Symbol  Country Frequency From To Source
Composite 1nd1.cat0r of CISS E7 Weekly ~ 21/09/2001 28/10/2016 ECB
systemic stress
CDS spreads of:
BNP Paribas SA BNP FR Daily 13/05/2002 28/10/2016 Bloomberg
Banco Santander SA° SANTAN ES Daily 24/06/2002 28/10/2016 Bloomberg
Barclays Bank PLC BACR GB Daily 27/01/2003 28/10/2016 Bloomberg
Credit Agricole SA  ACAFP FR Daily 10/09/2007 28/10/2016 Bloomberg
Deutsche Bank AG DB DE Daily 25/03/2002 28/10/2016 Bloomberg
HSBC Bank PLC HSBC GB Daily 10/03/2003 28/10/2016 Bloomberg
ING Bank NV INTNED NL Daily 27/01/2003 28/10/2016 Bloomberg
Royal Bank of Scotland RBS GB Daily 13/05/2002 28/10/2016 Bloomberg
Societe Generale SA  SOCGEN FR Daily 13/05/2002 28/10/2016 Bloomberg
Standard Chartered STANLN GB Daily 23/06/2008 Bloomberg
Bank 28/10/2016
UBS AG UBS CH Daily 13/05/2002 28/10/2016 Bloomberg
UniCreditSpA  UCGIM IT Daily 17/09/2001 28/10/2016 Bloomberg

Note: for CDS spreads we consider 5 daily observations per week (from Monday to Friday). The CISS
variable is released on Friday.

9 More precisely, the CDS spread is an insurance premium paid by CDS buyer to CDS seller in order to be
insured/protected in case the credit event. Thus, the more the holder of a security thinks its issuer is likely to
default, the more desirable is a CDS. Consequently, the higher premium or CDS spread is.

10 Ballester et al. (2016), Acharya et al. (2015), Cetina et al. (2016), Alter & Beyer (2014), among others.



For the empirical analysis, the collected dataset is grouped into 12 subsets. Each of the subset
contains weekly CISS variable and daily CDS spread variable for one of the previously selected GSIBs’.
The staring date of the each sample varies because of the CDS spread data availability (even though
CISS starts earlier), and ends on 28/10/2016. See Tablel for more details. For CDS spread we use 5
observations per week (from Monday to Friday). Thus, we exclude weekends. Moreover, we choose
Monday to be the first observation of CDS spread variable (i.e. we eliminate all the observations
previous to the first available Monday). Descriptive statistics are presented in Table 4 (see Appendix

A).

4. RESULTS
4.1 Structural Change Points

In this section, we apply Qu and Perron (2007) methodology to investigate whether there has
been a change in the impact of a European GSI banks on the EZ financial stability over the time.!! Since
our sample period covers 2002-2016, we expect the impact to change due to the global financial crisis
and/or the European debt crisis. In particular, we search for shifts in a variance-covariance matrix of a
traditional reduced-form VAR(1) model, containing two endogenous variables — weekly CISS index and
daily CDS spread variable for one of the 12 GSIBs.12 The choice of traditional VAR model, instead of
mixed-frequency framework is motivated by the following arguments. The covariance matrix of
residuals of MIDAS-VAR model contains both the contemporaneous relations between the CISS and
CDS spreads and the contemporaneous relations between the CDS spread variables (see eq. (9)). Thus,
the Qu and Perron (2007) algorithm applied to MIDAS-VAR model also capture the shifts in the latter
relationships. Since for our analysis we are interested only in the change of the impact of a European
GSI banks on the EZ financial stability, we consider the traditional VAR model to be more appropriate.

Table 2 and Figure 1 show the results, regarding the identified number of structural breaks and
the break dates in the 12 models. In addition, table 2 presents a SEQ(I+1/1) test statistic and critical
values. Note that the results are reported after the tests described in section 2.1 were implemented.
Following Qu and Perron (2007), we need to introduce restrictions on the possible number of break
points (m) and the minimal length of the regime (€). For the datasets having more than 700 weekly

observations we allow maximum three break points (m=3) and only one break (m=1) for those having

11 To perform the estimation procedure we use a GAUSS code of Qu and Perron (2007), which is available on the
authors’ web sites.

12 We test for unit roots in all the variables, using the Augmented Dickey-fuller test (ADF, Dickey and Fuller,
1981). The results show that all the variables are integrated of order one (i.e. stationary in first differences).
Thus, for the further analysis we transform the data in the first-differences.
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less than 500 observations.!3 The trimming parameter is set the same for all datasets € = 0.2, thus,

each regime has alengthof h = T * 0.2.

Table 2. Structural break dates and SEQr (I1+1/]) test results

. Number SEQr (1+1]1) test statistics
CDS d bl Break dat
spread variable of breaks reak cates (critical values at the 5% level)
13/07/2007 TheSeq(2]1)testis: 158.253 (15.458
BNP Paribas 2 197/ eSeq(2]1)testis ( )
12/10/2012 The Seq(3|2)testis: 0.000 (16.337)
14/12/2007 TheSeq(2]1)testis: 121.149 (15.458
Banco Santander 2 /12/ eSeq(2]1)tes %S ( )
12/10/2012 TheSeq(3]2)testis: 0.000 (16.337)
06/07/2007 TheSeq(2]|1)testis: 142.645 (15.458)
Barclays Bank 2 .
12/10/2012 The Seq(3]2)testis: 0.000 (16.337)
Credit Agricole* 1 28/06/2013
13/07/2007 TheSeq(2]1)testis: 104.634 (15.458
Deutsche Bank 2 197/ eSeq(2]1)tes %S ( )
10/08/2012 The Seq(3]2)testis: 0.000 (16.337)
06/07/2007
HSBC Bank 3 26/03/2010 The Seq(3]2)testis: 67.670 (16.337)
28/12/2012
ING Bank 5 13/07/2007 TheSeq(2]1)test ¥s : 168.804 ( 15.458)
28/09/2012 TheSeq(3]2)testis: 0.000 (16.337)
13/07/2007 TheSeq(2]1)testis: 197.305 (15.458
Royal Bank of Scotland 2 197/ eSeq(2|1)tes TS ( )
12/10/2012 The Seq(3]2)testis: 0.000 (16.337)
13/07/2007 TheSeq(2]1)testis: 154.560 (15.458
Societe Generale 2 107/ eSeq(2]1)tes TS ( )
07/09/2012 The Seq(3]2)testis: 0.000 (16.337)
Standard Chartered Bank* 1 05/03/2010
13/07/2007
UBS 3 11/06/2010 The Seq(3]2)testis: 53.177 (15.458)
03/05/2013
13/07/2007 TheSeq(2]1)testis: 109.226 (15.458
UniCredit 2 197/ eSeq(2]1)testis ( )
12/10/2012 The Seq(3]2)testis: 0.000 (16.337)

Note: The * marks the models with the maximum one number of break changes allowed in the model (m=1). For
all other models we consider m=3. Number of breaks corresponds to the number of breaks identified in the
model. Each of the 12 VAR models include CISS and one of the CDS spread variable indicated in the table. The
number and the dates of the break points are estimated using the code in GAUSS of Qu and Perron (2007). For
SEQ (1+1]1) test the test statistics are reported, the critical values are in the brackets.

Let us firstly consider the models with m=3. The SEQ(3/2) test allows us to reject the null
hypothesis of two structural break points against the alternative of three break points in two VAR
models: the one including a HSBC Bank CDS spread variable and the other including a CDS spread of
UBS bank. However, for other models with m set to 3 we cannot reject the null hypothesis of SEQ (3|2)

test. Hence, we accept two structural break points. Next, for VAR models with m=1, i.e. for the models

13 We impose m=3 for the following banks: BNP Paribas SA, Banco Santander SA, Barclays Bank PLC, , Deutsche
Bank AG, HSBC Bank PLC, ING Bank NV, Royal Bank of Scotland, Societe Generale SA,UBS AG and UniCredit; we
impose m=1 for the following banks: Credit Agricole SA and Standard Chartered Bank.
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with CDS spread of Credit Agricole and Standard Chartered Bank we find one structural break. Note
that we do not report the results on double maximum tests (WDmax) as we always reject the null
hypothesis of no break vs. existence of at least one breakpoint.

The results in this section suggest that the identified structural break points can be related to the
important systemic changes. The break dates occurring in July 2007 and in the second half of the 2012
are common for almost all the models. The first breakpoint can be related to the beginning of the
global financial crisis, caused by the US subprime mortgage market. Indeed, at that time the banks
faced serious liquidity problems. In addition, the perceived risk in the financial markets grew up and
triggered the financial stress in euro area. On the contrary, the break points of the second half of the
2012 as well as the ones of May and June 2013 denote a return to a more tranquil period. An additional
structural change point was found for models including CDS spread of HSBC bank and UBS bank in
March 2010 and June 2010, respectively. This break point can be associated with the shift from the

financial crisis to a sovereign debt crisis.

4.2 The Importance of GSI Banks Distress to EZ Financial Stability
4.2.1 FEVD: Importance of G-SIB Shocks

We analyze the contribution of the GSI banks distress shocks to the fluctuations of EZ financial
distress by estimating forecast error variance decomposition (FEVD). The results of FEVD are in
Tables 5 - 17. The reported results indicate the percentage of the forecast error variance in the CISS
variable that can be attributed to innovations in GSI banks distress at different forecast horizons: 1, 2,
3, 4 weeks ahead for each of regime. Moreover, when the focus is on the MIDAS-SVAR we present
results for each day of the week and, separately, we add them up to compare the aggregate results
with the ones associated with the traditional SVAR.

We first consider the FEVD for the CISS in MIDAS-SVAR model. We can observe that the role
played by a bank distress shock in explaining the fluctuations of the EZ financial stress index increases
when we move from 1-week to a 1 month horizon. In particular, as shown by Table 17 which provides
a summary of results, GSIBs’ distress shocks account for 8.5% of the EZ financial stress variation at 4-
week horizon, by averaging across different regimes. Therefore, the focus on the whole sample period
leads to the conclusion that GSI banks distress shocks are important for the dynamics of financial
stress in the eurozone within one month period.

In addition, we find that the contribution of GSI banks distress shocks to EZ financial stress
variation increased over the years. More precisely, we find that in the period before the global
financial crisis (i.e. before the July 2007) just Santander bank and RBS bank distress shocks explained
more than 10% of the EZ financial stress variation at 4-week horizon. While in the later period (July

2007 - October 2016), the distress shocks to Barclays, Crédit Agricole, Deutsche Bank, HSBC, ING,
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Royal Bank of Scotland, Standard Chartered and UBS banks, that is shocks to 8 out of the 12 analysed
GSI banks, accounted for more than 10% of the CISS forecast error variance at 4-week horizon.
Furthermore, we find that the major contribution of GSIBs distress shocks to CISS fluctuations at 4-
week horizon occurred in the last regime. More specifically, shocks to Barclays, Crédit Agricole,
Deutsche Bank, HSBC, ING, Royal Bank of Scotland and UBS banks, that is shocks to 7 out of 12 GSIBs,
explained more than 10% of EZ financial stress variance at 4-week horizon in the last regime.

The other interesting finding is that, at 1-week horizon, the major contribution of the Global
systemically important banks distress shocks to EZ financial stress variation occurred in the crisis
period. More precisely, during the global financial crisis, the major contributors at 1-week horizon
were HSBC (06/07/2007 - 25/03/2010) and Standard Chartered (23/06/2008 - 04/03/2010) which
explained 8.5% and 10.1% of the CISS fluctuations, respectively. During the period of the sovereign
debt crisis, the major contributors at 1-week horizon, were shocks to UBS (11/06/2010 -
02/05/2013) bank and HSBC (26/03/2010 - 27/12/2012) bank, 7.2% and 11.5% respectively.

If we focus on the last column of Tables 5-17, we can observe that the main results in MIDAS
SVAR model are supported by the traditional SVAR. In particular, the traditional SVAR confirms that in
the period 2002-2016, the contribution of the GSI banks distress shock to the fluctuation of EZ
financial stress has been increasing, and the major contribution at 1-week horizon occurred over the
crisis period. Moreover, it is important to notice that the shocks in MIDAS-SVAR model explain a much

larger part of the FEVD than in traditional SVAR model.14

4.2.2 Impulse Response to Structural Shocks

To illustrate the importance of GSI banks distress shocks to the dynamics of EZ financial distress
we estimate the cumulative impulse response analysis based on MIDAS-SVAR model. The cumulative
IRFs of CISS to average standard deviation increase in a GSIB’s distress (CDS spread) are presented in
Figures 2-7. The maximum of the time horizon is set to 12 weeks. The results are presented for each
regime: on the left column are presented results for the first regime and on the right one for the last
regime. The main results can be summarized as follows.

Firstly, we find that the impact effect on EZ financial distress to an increase in a GSI banks
distress is much lower before the global financial crisis (July 2007), than in the period after. The
strongest effect to EZ financial stress in the period before the global financial crisis came from
Santander Bank. An unexpected increase in Santander Bank distress i.e. increase in CDS spread, had a
positive and significant effect on EZ financial stress when it took place at the end of the week

(Thursday and Friday). In addition, before the mid-2007, the effect on EZ financial distress was slightly

14 These findings are similar to those obtained by Bacchiocchi et al. (2016). The authors find that the moderate
impact of monetary policy, economic and policy uncertainty shocks on capital inflows suggested by traditional
SVAR is then magnified when using the MIDAS-SVAR.
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positive and significant only to shocks in Barclays bank, Deutsche Bank, ING bank and Royal Bank of
Scotland distress. On the other hand, a distress shock in the BNP Paribas bank, HSBC bank, UBS bank,
Societe Generale bank and UniCredit bank have caused no or almost no impact on EZ financial system
conditions.

Secondly, in the crisis period we find that an unexpected increase in all GSI banks distress
caused a statistically significant increase in the EZ financial stress.15 The strongest impact on EZ
financial distress in the period of crisis comes from an increase in the distress of Barclays bank, ING
bank, Royal Bank of Scotland, HSBC bank and UBS bank. More precisely, the impulse response of CISS
is strongly positive and statistically significant when a distress shock of Barclays bank, ING bank and
Royal bank of Scotland occurs on Monday, Tuesday and Friday; and positive but statistically significant
only within two weeks when distress shock of UBS occurs on Tuesday and Friday (13/07/2007 -
10/06/2010). In addition, we find the effect of HSBC bank distress shock had impact causing the
increase in EZ financial distress in the period of global financial crisis (06/07/2007 - 24/03/2010)
and in the period on European sovereign crisis (25/03/2010 - 26/12/2012), while the distress shock
in UBS bank had no significant impact on EZ financial during the period 11/06/2010 - 03/05/2013.
Furthermore, we find that Santander bank distress shocks in all five days of the week increased the
CISS.

Finally, we find that in the recent years (the last regime) the strongest effect on EZ financial
stress was caused by the unexpected increase in CDS spread of BNP Paribas bank, Barclays bank,
Deutsch Bank and ING Bank. The impact was positive and immediate for all banks except Barclays
bank, which effect was positive but significant only within two weeks.

The other interesting finding is that a shock observed at the beginning of the week, especially
Monday, has a stronger effect than the shocks occurring in the other days of the week. In addition, two
thirds of the GSI banks distress shocks hitting the EZ financial system on Monday has an immediate

effect, while the shocks striking on Tuesday-Friday takes more time to reach its strongest effect.16

4.2.3 Ranking: the most Important Banks for EZ Financial Distress

In this section, we provide the raking of the European GSIBs sorted by their contribution to the
EZ financial distress. The banks have been ranked according to the FEVD results at 4-week horizon,
obtained by using MIDAS-VAR approach. Table 3 shows the ranking for 3 periods separately: (i) before
the global financial crisis (GFC), (ii) during the GFC and European sovereign debt crisis (SDC), and (iii)
after the SDC. The contribution of GSIBs distress shocks to CISS fluctuations at 4-week horizon are

reported in the brackets.

15 We consider the crisis period, the regimes starting after the mid-2007 and ending before the mid-2013.
16 We consider only the positive and statistically significant impulse responses.
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Table 3. Ranking of the GSIBs to EZ financial distress

Iregime II regime IIl regime
1. Santander (13.76) | 1. UBS (13.12) | 1. UBS (13.82)
2. RBS (11.19) | 2. HSBC (12.32) | 2. DB (13.14)
3. BNP Paribas (7.13) 3. Standard Ch. (11.30) | 3. Barclays (12.86)
4. Barclays (6.70) 4. Santander (9.98) 4. HSBC (12.49)
5. ING (5.74) 5. ING (9.28) 5. Crédit Agricole (11.67)
6. UBS (5.50) 6. RBS (8.88) 6. RBS (11.41)
7. DB (4.99) 7. Barclays (8.14) 7. ING (10.32)
8. Société Générale (4.75) 8. BNP Paribas (7.59) 8. BNP Paribas (9.39)
9. HSBC (4.64) 9. Société Générale (7.55) 9. Santander (5.70)
10. UniCredit (3.88) 10. UniCredit (6.06) 10.Standard Chart. (5.63)
11. DB (5.77) 11.Société Générale  (5.57)
12. Crédit Agricole (5.68) 12.UniCredit (5.46)

Before the global financial crisis, Banco Santander (13.76%) and RBS (11.19%) were the top
contributors to the fluctuations of EZ financial distress. The distress shocks of both banks explained
more than 10% of CISS fluctuations, while the impact of other banks was less important. Going into the
crisis period, the contribution of European GSIBs to EZ financial distress increased, with the exception
of Banco Santander and RBS. On the other hand, Banco Santander remained among the 4 highest
ranked banks. Another bank ranked as a top 4 during the GFC (23/06/2008-02/03/2010) was
Standard Chartered Bank. However, its impact noticeably diminished since March 2010. From the
beginning of the global financial crisis (September 2007), also the UBS and HSBC moved to the top 4
contributors of EZ financial distress fluctuations. Moreover, these two banks remained the most
systemically important banks for EZ also in the recent years. More precisely, the four highest
contributors for EZ in 2012-2016, were UBS (13.82%), DB (13.14%), Barclays (12.86%) and HSBC
(12.49%). In contrast, we find that UniCredit bank and Société Générale bank are the least important

for EZ financial fluctuations in all the three periods.

We now consider the importance of GSIBs to EZ financial distress relative to their respective
countries. Firstly, the rankings suggest that the contribution of non-eurozone GSIBs is not less
important as the contribution of EZ-GSIBs. In fact, Swiss UBS bank and the UK banks (Barclays,
Standard Chartered, HSBC and RBS) are listed among the top 4 contributors to EZ financial distress at
least in one of the regimes. Secondly, the systemic importance of non-eurozone GSIBs appears to have
been increasing since September 2007. For example, in the first regime just one non-EZ bank (RBS)
explains more than 10% of the EZ financial distress fluctuations while in the second regime all the top

contributors are non-EZ banks.

We also find that the biggest contributors to the EZ financial distress not often coincide with the

banks with the highest CDS spreads. For instance, the CDS spread of highest ranked bank - HSBC, is
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relatively low during the crisis. And on the other hand, the lowest ranked banks like Crédit Agricole,

UniCredit and Société Générale have higher CDS spread.

Finally, we examine how similar our rankings are to the ones provided by other authors. The
considered alternative rakings are the following: (i) SRISK measure from the Volatility Institute of NYU
Stern by Brownlees and Engle (2017)7, (ii) the list of European GSIB provided by Financial Stability
board, published each year since November 2011, and (iii) the DIP by Black et al. (2016).

We compare the rankings for each of the regimes separately. In the first regime, the top 2 ranked
banks in our list (Banco Santander and RBS) are not considered among the most systemically
important banks for Europe according to SRISK measure. On the other hand, the bottom 3 banks in the
rankings are the same. For the crisis period, we find our results to be more similar to the FSB list than
the rankings provided by SRISK and DIP measures. In contrast to SRISK and DIP lists, we rank the
HSBC bank as the highest contributor to EZ financial distress during the crisis. However, also the FSB
list the HSBC bank as the most systemically important European bank (the 4t bucket) in the period
2012-2015.18 The FSB list the UBS bank in the 2nd bucket for the period 2012-2013.

5. CONCLUSIONS

In this paper we have evaluated the importance of 12 European GSI banks on the EZ financial
stability. Our empirical findings suggest that the contribution of the European GSIBs to EZ financial
fluctuations has increased in the period 2002-2016. On average, the GSIBs’ distress shocks accounted
for 8.5% of the EZ financial stress variation. In the recent years, the 4 biggest contributors to EZ
financial distress were UBS, DB, Barclays bank and HSBC bank. On the other hand, the least important
were UniCredit bank and Société Générale. In addition, the biggest contributors to the EZ financial
distress not often coincide with the banks with the highest CDS spreads. Finally, the non-EZ GSIBs have
played an important role for EZ financial stability, especially since September 2007.

For our empirical analysis we have used recently developed structural MIDAS-VAR model,
suggested by Ghysels (2016). The findings show that the GSIBs shocks observed at the beginning of the
week, especially Monday, has a stronger effect than the shocks occurring in the other days of the week.
In fact, two thirds of the GSI banks distress shocks hitting the EZ financial system on Monday has an
immediate effect, while the shocks striking on Tuesday-Friday takes more time to reach its strongest
effect.19 We find that the main results in MIDAS SVAR model are supported by the traditional SVAR.
However, the shocks in MIDAS-SVAR model explain a much larger part of the FEVD than in traditional
SVAR model.

17Since the SRISK ranking is available on daily basis, we make a simple average of the daily SRISK values for the
considered period.

18 Higher bucket corresponds to the higher risk.

19 We consider only the positive and statistically significant impulse responses.
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Appendix A. Data

Table 4. Descriptive Statistics of CDS spread

Mean| Median | MAX | MIN | Stdey | OPservations
daily

BNP Paribas SA 1.25 1.08 6.21 | 0.09 1.20 3775 %
Banco Santander SA 1.85 1.48 7.32 | 0.12 1.67 3745 %
Barclays Bank PLC 1.49 1.38 542 | 0.08 1.24 3590 %
Credit Agricole SA 2.23 1.65 7.25 | 0.23 141 2385 %
Deutsche Bank AG 1.38 1.32 524 | 0.14 1.10 3810 %
HSBC Bank PLC 0.99 1.03 3.14 | 0.08 0.68 3560 %
ING Bank NV 1.26 1.28 4.68 | 0.07 1.00 3590 %
Royal Bank of Scotland 1.97 1.52 8.78 | 0.07 1.88 3775 %
Societe Generale SA 1.53 1.29 7.96 | 0.09 1.51 3775 %
Standard Chartered Bank 1.98 1.77 5.55 | 0.88 0.81 2180 %
UBS AG 1.15 1.25 5.38 | 0.07 0.94 3775 %
UniCredit SpA 2.14 1.52 11.53| 0.12 2.21 3945 %
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Appendix B: Structural Breaks
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Figure 1. Structural break points

Note: the CISS index is presented in grey colour, CDS spreads - in black and structural change points in red.
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Figure 1. (Continued)
Note: the CISS index is presented in grey colour, CDS spreads - in black and structural change points in red.
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Appendix C: FEVD Results

Table 5. FEVD for EZ financial distress subject to BNP Paribas bank distress shocks.

Traditional-SVAR

MIDAS-SVAR
Iregime: 13/05/2002 - 12/07/2007
h  CISS BNP5 BNP4 BNP3 BNP2
1 9732 002 000 053 1.64
2 9740 005 013 052 142
3 9457 245 017 066 164
4 9287 319 051 095 174
Il regime: 13/07,/2007 - 11/10/2012
h CISS BNP5 BNP4 BNP3 BNP2
1 9430 003 001 009 0.00
2 9315 039 002 049 0.64
3 9253 051 002 072 088
4 9241 052 002 077 092
Il regime 12/10/2012 - 28/10/2016
h CISS BNP5 BNP4 BNP3 BNP2
1 9547 033 025 000 058
2 9205 203 070 003 135
3 9121 213 137 006 139
4 9061 228 149 032 151

BNP1
0.49
0.48
0.52
0.74

BNP1
5.57
531
5.34
5.36

BNP1
3.37
3.83
3.84
3.79

SUM (BNP)

2.68
2.60
5.43
7.13

5.70
6.85
7.47
7.59

4.53
7.95
8.79
9.39

CISS
98.85
98.63
98.63
98.63

96.45
96.53
96.53
96.53

96.86
95.97
95.95
95.95

BNP
1.15
1.37
1.37
1.37

3.55
3.47
3.47
3.47

3.14
4.03
4.05
4.05

Notes: 1 stands for Monday, 2 - Tuesday, 3 - Wednesday, 4 - Thursday, 5 - Friday, h - forecast horizon.

Table 6. FEVD for EZ financial distress subject to Santander bank distress shocks.

Traditional-SVAR

MIDAS-SVAR
Iregime: 24/06,/2002 - 13/12/2007
h  CISS SANT5 SANT4 SANT3  SANT2
1 9656 0.00 2.66 0.36 0.15
2 9347 2.05 2.51 0.32 1.26
3 8897 5.66 3.21 0.48 1.26
4 8624 5.78 3.71 2.59 1.27
Il regime: 14/12/2007 - 11/10/2012
h  CISS SANT5 SANT4 SANT3  SANT2
1 97.92 0.27 0.30 0.55 0.01
2 9358 1.70 0.29 0.52 2.64
3 9189 1.75 0.31 0.84 3.42
4 90.02 1.75 0.52 2.51 3.41
Il regime: 12/10/2012 - 28/10/2016
h  CISS SANT5 SANT4 SANT3  SANT2
1 9751 0.27 0.02 0.60 1.15
2 9443 1.06 0.68 0.98 1.86
3 9434 1.14 0.68 0.98 1.84
4 9430 1.16 0.71 0.98 1.85

SANT1
0.27
0.40
0.42
0.41

SANT1
0.93
1.28
1.79
1.79

SANT1
0.45
0.99
1.00
1.00

SUM

(SANTAN)  CISS
3.44 100
6.53 97.91
11.03  97.70
13.76  97.49
2.08 96.68
6.42 96.83
8.11 96.83
9.98 96.83
2.49 98.16
5.57 96.80
5.66 96.81
5.70 96.81

SANTAN

0.00
2.09
2.30
2.51

3.32
3.17
3.17
3.17

1.84
3.20
3.19
3.19

Notes: 1 stands for Monday, 2 - Tuesday, 3 - Wednesday, 4 - Thursday, 5 - Friday, h - forecast horizon.



Table 7. FEVD for EZ financial distress subject to Barclays bank distress shocks.

MIDAS-SVAR Traditional -SVAR

Iregime: 27/01/2003 - 05/07,/2007

h  CISS BACR5 BACR4 BACR3 BACR2 BACR1 SUM (BACR)  CISS BACR

1 9476 0.11 074 1.00 040 3.00 5.24 96.46 3.54

2 9440 079 067 088 038 289 5.60 96.63 3.37

3 9368 145 069 092 037 289 6.32 96.63 3.37

4 9330 173 072 101 037 288 6.70 96.63 3.37
Il regime: 06/07/2007 - 11/10/2012

h  CISS BACR5 BACR4 BACR3 BACR2 BACR1

1 9670 0.5 017 002 019 277 3.30 97.37 2.63

2 9433 035 016 018 185 3.13 5.67 97.46 2.54

3 9337 040 041 034 187 361 6.63 97.47 2.53

4 9186 055 044 171 188 3.55 8.14 97.47 2.53
Il regime: 12/10/2012 - 28/10/2016

h  CISS BACR5 BACR4 BACR3 BACR2 BACR1

1 9822 031 003 001 018 126 1.78 98.23 1.77

2 9024 376 204 050 075 2.70 9.76 96.32 3.68

3 89.09 383 220 059 148 281 10.91 96.29 3.71

4 8714 411 251 094 258 272 12.86 96.28 3.72

Notes: 1 stands for Monday, 2 - Tuesday, 3 - Wednesday, 4 - Thursday, 5 - Friday, h - forecast horizon.

Table 8. FEVD for EZ financial distress subject to Deutsche bank distress shocks.

MIDAS-SVAR Traditional -SVAR

I regime: 25/03/2002 - 12/07,/2007

h CISS DB5 DB4 DB3 DB2 DB1  SUM (DB) CISS DB

1 9650 0.00 036 0.02 3.00 0.12 3.50 99.77 0.23

2 9646 025 051 019 250 0.10 3.54 99.67 0.33

3 9554 094 0.65 027 249 0.11 4.46 99.67 0.33

4 9501 1.00 1.08 027 248 0.16 4.99 99.67 0.33
I regime: 13/07/2007 - 09/08,/2012

h CISS DB5 DB4 DB3 DB2 DBl

1 9555 093 021 068 001 2.62 445 95.54 4.46

2 9498 125 026 076 013 2.62 5.02 95.61 4.39

3 9439 161 029 090 020 261 5.61 95.62 438

4 9423 171 029 094 022 2.60 5.77 95.62 4.38
Il regime: 10/08/2012 - 28/10/2016

h CISS DB5 DB4 DB3 DB2 DBl

1 9509 0.14 023 001 001 451 491 96.27 3.73

2 88.88 3.67 146 075 106 4.19 11.12 94.37 5.63

3 8824 368 180 1.06 1.04 4.18 11.76 94.39 5.61

4 86.86 4.18 198 1.60 128 4.10 13.14 94.39 5.61

Notes: 1 stands for Monday, 2 - Tuesday, 3 - Wednesday, 4 - Thursday, 5 - Friday, h - forecast horizon.
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Table 9. FEVD for EZ financial distress subject to Credit Agricole bank distress shocks.

MIDAS-SVAR Traditional-SVAR
Iregime: 10/09/2007 - 27/06/2013 SUM
h  CISS ACAFP5 ACAFP4 ACAFP3 ACAFP2 ACAFP1 (ACAFP) CISS  ACAFP
1 96.65 0.14 0.19 0.03 0.59 240 335 9734 266
2 9543 0.26 0.21 0.53 1.28 229 457 9742 258
3 9452 0.31 0.21 0.85 1.77 233 548 9742 258
4 9432 0.31 0.21 0.93 1.88 236 568 9742 258
Il regime: 28/06,/2013 - 28/10/2016
h  CISS ACAFP5 ACAFP4 ACAFP3 ACAFP2 ACAFP1
1 92.03 0.22 1.69 0.24 0.00 581 7.97 9936  0.64
2 90.22 0.48 3.01 0.66 0.21 542 978 9861 139
3 8871 1.54 3.03 0.65 0.73 534 1129 9861  1.39
4 8833 1.76 3.03 0.72 0.84 532 11.67 9861  1.39

Notes: 1 stands for Monday, 2 - Tuesday, 3 - Wednesday, 4 - Thursday, 5 - Friday, h - forecast horizon.

Table 10. FEVD for EZ financial distress subject to HSBC bank distress shocks.

Traditional-
MIDAS-SVAR SVAR
Iregime: 10/03/2003 - 05/07/2007 SUM
Period CISS HSBC5 HSBC4 HSBC3 HSBCZ HSBC1 (HSBC) CISS HSBC
1 96.85 1.19 0.13 1.58 0.18 0.08 3.15 99.96 0.04
2 96.09 1.48 0.38 1.47 0.49 0.09 3.91 99.96 0.04
3 95.58 1.68 0.59 1.44 0.62 0.09 4.42 99.96 0.04
4 95.36 1.76 0.70 1.44 0.65 0.09 4.64 99.96 0.04
Il regime: 06/07/2007 - 25/03/2010
h CISS HSBC5 HSBC4 HSBC3 HSBC2 HSBC1
1 91.45 0.05 0.01 0.34 2.02 6.13 8.55 96.93 3.07
2 89.64 0.89 0.81 0.74 2.10 5.81 10.36 96.51 3.49
3 89.54 0.89 0.81 0.74 2.16 5.85 10.46 96.52 3.48
4 89.53 0.89 0.82 0.74 2.16 5.86 10.47 96.52 3.48
IIl regime: 26/03/2010 - 27/12 /2012
h CISS HSBC5 HSBC4 HSBC3 HSBC2 HSBC1
1 88.55 0.42 2.87 0.10 2.15 591 11.45 94.65 5.35
2 87.35 0.41 3.16 0.31 3.03 5.73 12.65 94.82 5.18
3 86.26 0.40 3.23 0.38 4.07 5.66 13.74 94.83 5.17
4 85.82 0.44 3.23 0.38 4.49 5.64 14.18 94.83 5.17
IVregime: 28/12/2012 - 28/10/2016
h CISS HSBC5 HSBC4 HSBC3 HSBC2 HSBC1
1 96.96 0.30 0.07 0.02 0.01 2.65 3.04 95.98 4.02
2 89.99 4.39 1.50 0.32 0.88 292 10.01 95.19 4.81
3 88.87 4.57 1.77 0.48 1.36 2.95 11.13 95.19 4.81
4 87.51 4.67 1.87 1.10 1.96 2.89 12.49 95.19 4.81

Notes: 1 stands for Monday, 2 - Tuesday, 3 - Wednesday, 4 - Thursday, 5 - Friday, h - forecast horizon.
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Table 11. FEVD for EZ financial distress subject to ING bank distress shocks.

TRADITIONAL-
MIDAS-SVAR SVAR
Iregime: 27/01/2003 - 12/07/2007
h  CISS INT5 INT4 INT3 INT2 INT1 SUM (INTNED) CISS  INTNED
1 9758 000 002 017 210 0.13 2.42 97.73 227
2 9530 011 058 097 197 1.08 4.70 97.98  2.02
3 9439 012 079 104 209 157 5.61 97.94  2.06
4 9426 0.13 082 1.06 209 1.64 5.74 97.94  2.06
Il regime: 13/07/2007 - 27/09/2012
h  CISS INT5 INT4 INT3 INT2 INT1
1 9528 012 003 000 029 427 4.72 95.60  4.40
2 9276 117 028 023 159 3.97 7.24 9571  4.29
3 9177 149 085 024 156 4.10 8.23 95.70  4.30
4 9072 203 085 084 153 4.04 9.28 9570  4.30
I regime: 28/09/2012 - 28/10/2016
h  CISS INT5 INT4 INT3 INT2 INT1
1 9626 011 002 002 111 249 3.74 9393  6.07
2 9100 3.12 1.80 002 1.08 298 9.00 9394  6.06
3 9081 317 177 017 115 293 9.19 9397  6.03
4 8968 323 178 021 222 288 10.32 9397  6.03

Notes: 1 stands for Monday, 2 - Tuesday, 3 - Wednesday, 4 - Thursday, 5 - Friday, h - forecast horizon.

Table 12. FEVD for EZ financial distress subject to Royal Bank of Scotland distress shocks.

TRADITIONAL-
MIDAS-SVAR SVAR
I regime: 13/05/2002 - 12/07/2007
h  CISS RBS5 RBS4 RBS3 RBS2 RBS1 SUM (RBS) CISS  RBS
1 9448 029 191 292 002 0.38 5.52 98.64  1.36
2 9461 044 169 292 002 033 5.39 98.71  1.29
3 9120 271 226 330 020 033 8.80 98.72  1.28
4 8881 404 220 322 136 037 11.19 98.72  1.28
Il regime: 13/07/2007 - 11/10/2012
h  CISS RBS5 RBS4 RBS3 RBS2 RBS1
1 9593 020 010 0.05 0.04 3.69 4.07 9786  2.14
2 9390 068 015 006 1.68 3.52 6.10 97.89  2.11
3 9257 068 056 019 247 3.53 7.43 9789  2.11
4 9112 081 055 130 268 3.54 8.88 97.89  2.11
I regime: 12/10/2012 - 28/10/2016
h  CISS RBS5 RBS4 RBS3 RBS2 RBS1
1 9786 052 000 058 001 1.03 2.14 98.58  1.42
2 9204 201 272 056 100 1.67 7.96 97.40  2.60
3 9070 214 282 056 214 1.64 9.30 97.41  2.59
4 8859 266 341 089 285 160 11.41 9741  2.59

Notes: 1 stands for Monday, 2 - Tuesday, 3 - Wednesday, 4 - Thursday, 5 - Friday, h - forecast horizon.



Table 13. FEVD for EZ financial distress subject to Societe Generale bank distress shocks.

TRADITIONAL-
MIDAS-SVAR SVAR
Iregime: 13/05/2002 - 12/07/2007 SUM
h  CISS SOCG5 SOCG4 SOCG3 SOCG2 SOCGl  (SOCGEN) CISS SOCGEN
1 9834 024 085 028 001 027 1.66 99.79  0.21
2 9747 053 095 024 002 080 2.53 99.10  0.90
3 9641 140 095 025 017  0.82 3.59 99.10  0.90
4 9525 250 1.02 024 018  0.81 4.75 99.08  0.92
Il regime: 13/07/2007 - 06/09/2012
h  CISS SOCG5 SOCG4 SOCG3 SOCG2 SOCG1
1 9426 035 002 010 003 524 5.74 96.13  3.87
2 9340 045 006 022 081  5.05 6.60 96.26  3.74
3 9265 053 007 038 131  5.05 7.35 96.26  3.74
4 9245 054 008 044 144 506 7.55 96.26  3.74
I regime: 07/09/2012 - 28/10/2016
h  CISS SOCG5 SOCG4 SOCG3 SOCG2 SOCG1
1 9714 029 027 011 071 148 2.86 9639  3.61
2 9474 093 152 017  1.09 155 5.26 96.15  3.85
3 9457 103 151 024 110 155 5.43 96.16  3.84
4 9443 104 155 027 115 156 5.57 96.16  3.84

Notes: 1 stands for Monday, 2 - Tuesday, 3 - Wednesday, 4 - Thursday, 5 - Friday, h - forecast horizon.

Table 14. FEVD for EZ financial distress subject to UniCredit bank distress shocks.

TRADITIONAL-
MIDAS-SVAR SVAR
Iregime: 17/09/2001 - 12/07,/2007
h  CISS UCGI5 UCGI4 UCGI3 UCGI2 UCGI1 SUM (UCGIM) CISS  UCGIM
1 9756 018 006 114 061 045 2.44 99.46  0.54
2 9742 021 034 099 062 042 2.58 99.35  0.65
3 9648 081 062 101 061 047 3.52 9937  0.63
4 9612 089 062 101 087 049 3.88 9937  0.63
I regime: 13/07/2007 - 11/10/2012
h  CISS UCGI5 UCGI4 UCGI3 UCGI2 UCGI1
1 9686 029 001 003 021 260 3.14 9739 261
2 9482 098 022 034 116 247 5.18 97.23  2.77
3 9413 101 051 037 150 247 5.87 9722  2.78
4 9394 101 056 037 163 248 6.06 9721  2.79
Il regime: 12/10/2012 - 28/10/2016
h  CISS UCGI5 UCGI4 UCGI3 UCGI2 UCGI1
1 9746 073 000 011 097 0.73 2.54 9756  2.44
2 9504 146 022 040 173 115 4.96 9651  3.49
3 9470 155 038 046 176 116 5.30 9652  3.48
4 9454 156 049 049 176 116 5.46 96.52  3.48

Notes: 1 stands for Monday, 2 - Tuesday, 3 - Wednesday, 4 - Thursday, 5 - Friday, h - forecast horizon.
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Table 15. FEVD for EZ financial distress subject to Standard Chartered Bank distress shocks.

TRADITIONAL-
MIDAS-SVAR SVAR

I regime: 23/06,/2008 - 04/03/2010 SUM
h  CISS STAN5 STAN4 STAN3 STAN2 STAN1 (STANLN) CISS STANLN
1 8989 283 038 002 011 6.78 10.11 95.14  4.86
2 8903 298 037 002 043 717 10.97 9487 5.3
3 8873 323 037 003 050 7.15 11.27 9486  5.14
4 8870 326 037 003 050 7.15 11.30 9486  5.14

Il regime: 05/03/2010 - 28/10/2016
h  CISS STAN5 STAN4 STAN3 STAN2 STAN1
1 9532 033 051 005 094 285 4.68 97.66  2.34
2 9521 035 047 017 116  2.63 4.79 97.58  2.42
3 9475 045 056 019 147 258 5.25 9759 241
4 9437 045 063 032 163 259 5.63 9759 241

Notes: 1 stands for Monday, 2 - Tuesday, 3 - Wednesday, 4 - Thursday, 5 - Friday, h - forecast horizon.

Table 16. FEVD for EZ financial distress subject to UBS bank distress shocks.

TRADITIONAL-SVAR

MIDAS-SVAR
Iregime: 13/05/2002 - 12/07/2007
h CISS UBS5 UBS4 UBS3 UBS2
1 98.43 083 0.00 0.02 0.00
2 95.75 135 0.05 049 173
3 9489 134 044 062 190
4 9450 137 049 0.63 195
Il regime: 13/07/2007 - 10/06/2010
h CISS UBS5 UBS4 UBS3 UBS2
1 9862 0.19 0.21 0.14 0.04
2 93.15 145 031 032 255
3 90.80 151 046 030 2.80
4 8793 146 151 220 289
Il regime: 11/06/2010 - 02/05/2013
h CISS UBS5 UBS4 UBS3 UBS2
1 92.76 080 0.00 3.00 2.05
2 9219 094 089 277 192
3 91.09 1.09 165 288 202
4 9049 116 192 3.04 211
IVregime: 03/05/2013 - 28/10/2016
h CISS UBS5 UBS4 UBS3 UBS2
1 89.58 199 3116 042 2.05
2 8730 318 340 1.09 241
3 86.34 315 387 117 286
4 86.18 314 394 117 295

UBS1
0.71
0.63
0.81
1.06

UBS1
0.80
2.22
4.12
4.00

UBS1
1.38
1.29
1.28
1.28

UBS1
2.79
2.62
2.62
2.62

SUM (UBS)

1.57
4.25
5.11
5.50

1.38

6.85

9.20
12.07

7.24
7.81
8.91
9.51

10.42
12.70
13.66
13.82

CISS
99.24
99.00
99.00
98.99

97.34
97.35
97.35
97.35

96.07
96.23
96.23
96.23

97.39
97.49
97.49
97.49

UBS
0.76
1.00
1.00
1.01

2.66
2.65
2.65
2.65

3.93
3.77
3.77
3.77

2.61
2.51
2.51
2.51

Notes: 1 stands for Monday, 2 - Tuesday, 3 - Wednesday, 4 - Thursday, 5 - Friday, h - forecast horizon.
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Table 17. Descriptive statistics of FEVD for EZ financial stress subject to GSI banks distress shocks

MIDAS-SVAR Traditional-SVAR
Period I
n. ahead 1-4 1 2 3 4 1-4 1 2 3
Max 13.76 5,52 6,53 11.03 13.76 3.54 3.54 3.37 3.37
Min 1.57 1.57 253 352 3.88 0.00 0.00 0.04 0.04
Mean 5.00 316 416 583 6.83 1.25 1.01 1.31 1.33
sd.dev 2.57 1.34 140 238 3.18 1.01 1.14 0.98 1.00
Period 11
n. ahead 1-4 1 2 3 4 1-4 1 2 3
max 14.18 11.45 12.65 13.74 14.18 5.35 5.35 5.18 5.17
min 1.38 1.38 4.57 548 5.68 2.11 2.14 211 2.11
mean 7.50 538 731 827 9.03 3.52 3.53 3.52 3.52
sd.dev 2.85 299 240 233 248 0.94 0.97 0.96 0.96
Period 111
n. ahead 1-4 1 2 3 4 1-4 1 2 3
max 13.82 10.42 12.70 13.66 13.82 6.07 6.07 6.06 6.03
min 1.78 1.78 4.79 525 546 0.64 0.64 1.39 1.39
mean 7.81 426 824 858 9.79 3.43 2.80 3.64 3.64
sd.dev 3.52 257 262 293 3.32 1.38 144 1.37 1.36

Note: The label Period I refers to a first regime for all banks except Credit Agricole, Standard Chartered. The
label Period IlI refers to the last regime of all the banks. Period Il refers to the remaining regimes.
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Appendix D. IRF Results
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Figure 2. Cumulated IRFs of CISS to a BNP Paribas and Santander bank distress shocks

Notes: BNP indicates a BNP Paribas bank, SANTAN denotes a Santander bank. 1 stands for a shock hitting the
eurozone financial system on Monday, 2 - Tuesday, 3 - Wednesday, 4 - Thursday, 5 - Friday. The x-axis

represent weeks after the shock. The responses are presented with 90% probability bands (red dashed lines).
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Figure 3. Cumulated IRFs of CISS to a Barclays bank and Deutsche Bank distress shocks

Notes: BACR indicates a Barclays bank, DB - a Deutsche bank. 1 stands for a shock hitting the eurozone financial
system on Monday, 2 - Tuesday, 3 - Wednesday, 4 - Thursday, 5 - Friday. The x-axis represent weeks after the
shock. The responses are presented with 90% probability bands (red dashed lines).

30



Iregime Il regime IIl regime

INTHEDS shock o INTHEDS shock INTHEDS shock
T i P - » DA
= S — g Ll e ettt e
g I T T 1T T 1 = I T T T T 1 Efl T T T 1

2 4 6 8 10 12 2 4 B & 10 12 2 4 B 8 10 12

INTHED4 shock - INTHED4 shock INTHEDM shock
E:/ e E:f,’”‘“-’"' ““““ E:If T T T
ﬁ_ o e T — — - ﬁ_ _/ - ﬁ_ ___________
=] I T T 1T T 1 5 I T T T T 1 L I T T T T 1

2 4 85 8 10 12 2 4 8 8 10 12 2 4 5 83 10 12
- INTHEDS shock o INTNEDS shock INTHEDS shock
S T T
i e — oh LI I P E———
e B s s p ST T T T e

2 4 B 8 10 12 2 4 B & 10 12 2 4 B 8 10 12

INTHED2 shock INTHNED2 shock INTHED2 shock
B B e
= _ﬁ n—;w/\—_
== = ek — L Ateem e
I N N R B S T T T T T E T T T T 1

2 4 6 8 10 12 2 4 B & 10 12 2 4 B 8 10 12

INTHEDM shock INTHED1 shock INTHEDM shock

(%}
e S 7
ey - o KO
i N o A —— B3l
g T T T T 1 g 1 T T T T 1 S T T T T T 1

2 4 B 8 10 12 2 4 B & 10 12 ? 4 B 8 10 12

RB55 shock o RB55 shock RBS55 shock
E:_\_J-"\x-—'h ——————— E:f_r'-\--"—x rrrrrr - E:fﬂ"’ﬂh_—_ _____
ﬁ_\-\. '\'-. = = E T ==
g ir I T T T 1 = I T T T T 1 E I T T T T 1

2 4 58 8 10 12 2 4 8 8 10 12 2 4 5 8 10 12

RBS4 shock RBS4 shock RBS4 shock

|
L1

_ T e — — e — — ] [ ——

EI]]]JI II:I.I133
1
A
s
1
]
n
.
i
] i
] ]
h ]
N i
1 1
EI.IIIE II:IJJ1IJ
i 1
i
|
|
1
4
|
|
|
Juii]
|
-
i
Y
i
|
A
i
|
|
|

[=]
T T T 1T 1 1T 17T 1T 171 1T 17T 1T 171

2 4 6 8 10 12 2 4 6 8 10 12 2 4 6 8 10 12
ﬁ RBS3 shock o RBS53 shock RB53 shock
I:I_Mv,/-\-_ e — E:’_\-JI— ————————— g:__-"'-’ PR ——
_W — o
== —
E_\ e = — E: LT e ﬁ___i.fm____ﬁ-__,.—___
o T T T T 1 g T T 1T T 1 o r T T 1T T 1
2 4 6 8 10 12 2 4 6 8 10 12 2 4 B 8 10 12
- RBS2Z shock - RBS2 shock RBS2 shock
E:""ﬁ\,'{ T T E: -"'\\.-"'-H' _______ E:ff\,-'_"".-—"'————-
o — S _/«’\'
P E_ e - ———=
r _ - e
= L% o L =
g Tt T T T 1 T T T T 1 o T T T T 1
2 4 & 8 10 12 2 4 & 8 10 12 2 4 6 & 10 12
RB51 shock RB51 shock RB51 shock
— - — [ = e ———
E_,'—"u"’- e - E_“" =
d 1. q
E e m = g—x T =TT E— ———————————
= T T T T 1 = T 1T 1T T 1 = T T 1T T 1
2 4 6 8 10 12 2 4 6 8 10 12 2 4 6 8 10 12

Figure 4. Cumulated IRFs of CISS to a ING Bank and Royal Bank of Scotland distress shocks

Notes: INTNED indicates a ING Bank, RBS denotes a Royal Bank of Scotlandl stands for a shock hitting the
eurozone financial system on Monday, 2 - Tuesday, 3 - Wednesday, 4 - Thursday, 5 - Friday. The x-axis
represent weeks after the shock. The responses are presented with 90% probability bands (red dashed lines).
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Figure 5. Cumulated IRFs of CISS to a Credit Agricole and Standard Chartered banks distress shocks

Notes: ACAFP denotes a Credit Agricole bank, STANLN a Standard Chartered Bank. 1 stands for a shock hitting
the eurozone financial system on Monday, 2 - Tuesday, 3 - Wednesday, 4 - Thursday, 5 - Friday. The x-axis

represent weeks after the shock. The responses are presented with 90% probability bands (red dashed lines).
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Figure 6. Cumulated IRFs of CISS to a HSBC Bank and UBS Bank distress shocks

Notes: HSBC denotes a HSBC Bank, UBS a UBS Bank. 1 stands for a shock hitting the eurozone financial system on
Monday, 2 - Tuesday, 3 - Wednesday, 4 — Thursday, 5 - Friday. The x-axis represent weeks after the shock. The
responses are presented with 90% probability bands (red dashed lines).

33



I regime Il regime III regime
SOCGENS shock S0OCGENS shock - S0OCGENS shock
Ei,ﬁ=f“v~*\,=f :fﬁ“ ---------- EE«*““-‘- ------
ﬁ—d_.-"r\q_,-“'f—'\ s E — E_ ===
a 1T 1T T T 1 1T T 1T T 1 1T T T T 1
2 4 5 8 10 12 2 4 5 & 10 12 2 4 08 8 10 12
SOCGEN4 shock SOCGEN4 shock SOCGEN4 shock
A P = N £ D
| T kb
= 1T 1T T T 1 E 1T T T T 1 E 1T T T T 1
2 4+ 6 & 10 12 2 4 5 & 10 12 2 4 8 8 10 12
SOCGEN3 shock SOCGEN3 shock SOCGENS shock
:———'\w.-" e [ (P, E: ———————————=
ﬁ_"-——x”r - = Bl —————
T T T T T T - T T T T 1
2 4 6 8 10 12 2 4 B 8 10 12 2 4 6 8 10 12
SOCGENZ =shock - SOCGENZ shock S0OCGEN2 =shock
o | N
= n ! ————————
i e B - I Bl orem—m——--—-
S T T T T S T T T T T 8 T T T T T 1
2 4 6 8 10 12 2 4 5 & 10 12 2 4 6 8 10 12
SOCGEN1 =hock SOCGENT shock S0OCGENT =shock
ﬁ— e _ - g——-u_ __________ ﬁ_,.—— ----------
] 1
E_ T T T E T T T E e e
2 4 6 8 10 12 2 4 5 8 10 12 2 4 6 8 10 12
UCGIME shock - UCGIMSG shock UCGIMSE shock
E::;J_“:_::_’; . SR 1.
e = I = A— g
E 1T T 1T T 1 = 1T T 1T T 1 = 1T T 1T 11
2 4 8 8 10 12 2 4 8 8 10 12 2 4 8 8 10 12
UCGIM4 shock UCGIM4 shock UCGIM4 shock
E_MV’ _________ E__-F __________ E:,ﬂ"— __________
T
Blw e ———— F'_:\ e 2 e o
< 1T T 1T T 1 3 1T T 1T T 1 E 1T T 1T 11
2 4 6 8 10 12 2 4 6 8 10 12 2 4 6 8 10 12
UCGIM3G shock UCGIM3 shock UCGIM3I =shock
e S B
E::ﬁ__,_,_,—'—\-\.\_\_,_,_._ E—fﬁ-\-\_’— |:|—/
o e - B, ~om-m - -
E T T T T 1 B e e e e T T T T
2 4 6 & 10 12 2 4 6 & 10 12 2 4 6 & 10 12
- UCGIMZ =shock o UCGIM2Z =shock UCGIM2Z =hock
g — i By
. Jr—
e e Y =/t = S—
i B B B B S T T T T E T T T T 1
2 4 8 8 10 12 2 4 8 8 10 12 2 4 8 8 10 12
UCGIMA shock UCGIMA shock UCGIM1 shock
R S gy
R e e e B e E T T T T 1

Figure 7. Cumulated IRFs of CISS to a Societe Generale bank and UniCredit Bank distress shocks

Notes: SOCGEN denotes a Societe Generale bank, UCGIM a UniCredit bank. 1 stands for a shock hitting the
eurozone financial system on Monday, 2 - Tuesday, 3 - Wednesday, 4 - Thursday, 5 - Friday. The x-axis
represent weeks after the shock. The responses are presented with 90% probability bands (red dashed lines).
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