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1. Introduction

Since the end of 2019, a respiratory disease identified in the Chinese city of WWaga
evolved into a global pandemic. About ten months later, society worldwidaréady
experiencing devastation of COVID-19 in public health: 39,380,022 cases and 1,156,016
deaths in the world, on October 16, 2020, according to Our World in Data. Even in more
developed countries, the first wave of the pandemic associated withsérecalnf vaccine at
the time caused a total of 10,672,626 cases and 353,375 deaths in G7 countries, asrof Octobe
16, 2020, according to the same data source. A negative phenomenon like this, possibly the
biggest since WWII, tends to have negative effects in most countries, and &l sesas, and
regarding the real economy, the impacts were no less dramatic. Inritegtc&oodell (2020)
argues that the main concerns arise from rising costs for health systems, loss of job
productivity, social distance that disrupts economic activity, depressed tourismpauts on
foreign direct investment. It is straightforward to infer that pandemic & @bgenerating
uncertainties that are impacting the global financial markets very strongly.

The discussion on the long run and short run linkages among financial markets shggests
relevance of monitoring banking systems around the world during periods of crisis, since this
economic sector is one of the most vulnerable due to contagious effects. Morepaspw
should be aware of the consequent economic impacts of chaos on the banking systemm. Ba
crises are costly, and a great deal of prudential effort is undertaken to avoid them. Bardo et al
(2001) estimate losses of around 6% of GDP due to banking crisis in the last quarter ¢f the 20t
century, while Laeven and Valencia (2013) report losses of about 30% of GDP during the
global financial crisis in 2007. According to OECD (2012), financial contagion shockssacrea
countries' risk of suffering an economic crisis: annual crisis probability is sligilyeal %
without financial contagion and more than 28% in periods with financial contagion.

At this time, society is not experiencing a crisis as a result of faibfradishonestly run
banking institution, such as fraud and internal irregularities. This crisis is crazadt by
complex economic fundamentals that are difficult to predict, and isdkisario banking crises
are overwhelmingly associated with the presence of both systematic and idiosyncratic
contagion, according to Dungey and Gajurel (2015).

The theoretical related literature points out some reasons for the pass-thraingimisme
in banking sector. The common lender assumption suggests the financial mpeétations
as financial contagion source in turmoil periods. In this theory, the transmission &§ shoc
among countries may be associated with the fact that they sharenthéesders, according to
Kaminsky and Reinhart (2002). In this sense, a crisis that increasesdh# dsk in one of
debtor countries can cause a reduction in the services offers by lender fdretheoointries.
Pavlova and Rigobon (2008) find out a considerable effect on market co-movementsdis pe
where centérs agents (lenders) face portfolio constraints.

The liquidity problem is other financial contagion driver. In this sense, thelémde in one
country decreases the market value of the intermediapestfolio, generating a run for
liquidity on the capital market (Jokippi and Lucey, 2007). The initial turmmaiy induce
investor to sell off their holdings through the markets putting pressure on the intelregs®ia
prices exacerbating the propagation mechanism of shocks.

Another stream of this literature concerns with the role of coordination viewhen
contagion path through. Calvo and Mendoza (2000) evaluates the effect of infaghatio
problem on investor behavior. They point that international information asymmetdyican
the removal of resources from investors across countries.

In this literature on contagion definition and its drivers, Moser (2003) emphtszesntral
role to distinguish common (or coincident) shocks which can cause financial t(spitovers
episode) of a specific shock in one market (or a subset of markets) that sphds tharkets



during distress periods (contagious episode). From this distinction, we follow Matos et al.
(2021) by highlighting two complementary definitions of contagion. First, contagion can be
seen as one episode where the advent of a crisis in one market (opsutmdets) causes an
increased likelihood of financial turmoil in other markets (Kaminsky andaei, 2000).
Second, contagion is one situation where a specific shock in one market (or akulaskéets)
causes a significant increase in cross-market linkages. Rigobbon (2019) nenaedirnition

as" shift contagion.

We follow both definitions and, in line with this previous literature on the shorirkeges
among financial markets during crisis, we recognize the relevance of the frequency dependent
nature of the international financial co-movements reported in Fidrmuc, séketléwatsubo
(2011). In this specific discussion, our paper is aligned to Matos et al. (2021). They @opose
risk-based empirical analysis during the current pandemic period, and they find ¢bedtpha
the dissimilarities, the pandemic has intensified banking contagion. Theysal$oequency-
based Granger causality to identify the pass-through of this health crisss &7 banking
sectors. We add to this specific discussion by using partial wavelet cohewenegsure the
cross-correlation between pairwise of G7 financial sector indices allowing jangaime and
frequency. Since we use COVID-19 cases and deaths as instruments, we can condhgle whet
part of their interdependence was due to pandemic. To ensure robustness, we usea statist
correlation contagion test.

This paper is organized as follows. Section 2 presents the methodology. Sectiorb@slescri
the results. Section 4 offers final remarks.

2. Methodology

The wavelet analysis provides a decomposition of time series in théréiqueency (scale)

space. The continuous wavelet transform (CWT) (o) () with respect to the Morlet
mother wavelet is given by:
1
(,)= ()— — D)

where, * represent complex conjugation, gn¢ ) localize the wavelet transform in the
time-frequency space.
Given a pair of series,( ) and ¥ ), we define the cross-wavelet transform (XWT):

()= () () ?

Normalizing the XWT by each spectrum, we obtain the complex waw#ietence between

()and ():

(,)= , ©)

where (.) expresses a smoothing operator in both time and scalés a normalization
factor ensuring the conversion to an energy density. The absolute value of giexceavelet
coherence is denoted by ( , ) and referred to as the wavelet coherence (WC). The WC
measures the cross-correlation betweeand  as a function of time and frequency. Thus,
the WC among financial indices, and more specifically it's increaseksvas a proxy of
banking contagion.

Given  and ,, we define the complex partial wavelet coherence (CPWC) ahd

controlling for ,as:
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Whether after controlling for the instruments, the PWC decreases in sgioe of the
time-frequency space, we conclude that part of their interdependencduevas that third
variable (Aguiar-Conraria and Soares, 2014). Thus, in this study we use the PWC tan@etermi
if COVID-19 numbers can explain the contagion among banking systems.

As a robustness, we use the correlation contagion test framework proposed by Forbes and
Rigobon (2002) and Fry et al. (2010). To test contagion from a source X to a re¥ipest
divide the return series in pre-crisis and crisis periods, with lengthg @and $ respectively.

We then define the adjusted correlation:

=

(
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where *( is the correlation during crisist= ,-.;( ,-./ %e&/ ,-.; (and,-.;, cand
. - 1. gFepresent the country X returns variance during crisis and pre-crisis respectively. Fry
et al (2010) define the FR statistic:
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where *q, 4 is the correlation coefficient during pre-crisis. Fry et al (2010) show that under

the null hypotheses of no contagion, FR is asymptotically distribut€d@$ 2 3 S 7.To
compute FR, we employ two days moving-average of returns to eliminate the nbnesyus
trading effect. We also follow Wang et al. (2017), by using a bivariate VAR mattefive
lags to filter serial autocorrelation in data.

3. Data and empirical results

We use daily returns on G7 financial sector indices (FSI): S&P 500 FataugdiS), CAC
Financials (France), S&P/TSX Canadian Financials (Canada), DAX dtataBervices
(Germany), FTSE 350 Financial Services (UK), FTSE Italia All Share Finaiitaly, and
Nikkei 500 Other Financial Services (Japan). We use returns in terms of locabigvest
currency, following Mink (2015). The data source is investing.com. Over the period from
January 01, 2015 to December 31, 261¢haracterized by a period without crisis by NBER
, only the Italian banking sector recorded a cumulative loss of 13.2%, whilebathking
indices showed cumulative gains, ranging from 9.7% in Japan to 123.1% in Germany. We
assume the crisis begins on January 01, 202@e day after Wuhars (China) pneumonia
cluster has been reported to WHO. The cumulative return in the year 2020, however, suggests
a pattern with very sharp cumulative declines from the seconahBEbruary, again with
divergence from the German banking sector, from the second half of March 2020. DAX
Financial Services is the only one that registered a cumulative fedomdanuary 1, 2020 to
October 16, 2020, exceeding 5%. Regarding the instruments, we use WTI logged oil prices
provided by US Energy Information Administration and also daily log growth of 7-days
moving average of new COVID-19 cases and deaths from Johns Hopkins University (JHU).



Figure 1. Wavelet Coherence among international FSI.
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coherence power scale is provided in (v). Data from January 01, 2015 to October 16, 2020.



Figure 2: (Partial) Coherence between G7 FSI, left (controling for COVID-19 cases and
deaths, right). (To be continued on next page).
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Figure 2: (Partial) Coherence between G7 FSlI, left (controling for COVID-19 cases and
deaths, right). (Continued).
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Notes: The black contours designate 5% significance levels derivedffoote Carlo simulations. The
(partial) coherence power scale is provided in (v). Data from January 22 to October 16, 2020



According to Figure 1, throughout the period from 2015 to 2020, there is no significant
coherence at the highest frequencies, 1 ~ 4 days, with specific excegdionthe relationship
between Canada and the US or between European countries. However, obseriomges$t
frequencies, 16 ~ 264 days, there is banking contagion based on strong coherencediletwee
pairs of banking systems, and this contagion is intensified during the pandemic period.
Comparing the average value of coherence across frequenciesalcispairwise, there is
an increase of 20% during the pandemic, compared to the period before the current crisis. The
relationship between Italian and German banks is interesting: there is only a sign of contagion
during the pandemic, with a 34% increase in coherence.

In Figure 2, we report each G7 pairwise during the pandemic with and without C®VID-1
case and death data in both countries. We find a strong reduction sizehef significant
partial coherency area after controlling for COVID-19 for all 21 G7 pairwisavérage, this
reduction was of 36.5% across all frequencies during 2020. Germany-US (ltaly-Frarece) hav
showed the highest (lowest) reduction with 76.3% (3.6%) variation. This reduction was
particularly strong at the 16-64 days scales, with an average reduction of 56.8%. It suggests
that COVID19 numbers are relevant to better understand G7 banking systems co-movement.

Figure 3: Partial coherence between G7 FSI and COVID-19 cases (left) and deaths (right)
controlling for oil prices.

Notes: The black (grey) contours designate 5% (10%) significance levelsddedreMonte Carlo
simulations. The (partial) coherence power scale is provided in (h). BataJanuary 22 to October 16, 2020.



Aiming to avoid cofounding with crude oil price-war between Saudi Arabia and Russia, we
propose as our first robustness check examining the influence of COVID-19 world cases and
deaths over FSI controlling for oil prices (Figure 3). We find high and signifiarea in the
PWC at 32-64 days scale from February to June in all cases. This result suppoliis X0V
outbreak as a key driver of contagion among the FSI at long cycles frequencies.

Table 1 reports the statistical correlation contagion test performed.dh phirwise, the
correlation increases in the pandemic, compared to the pre-crisisl.p©m average, the
correlation during the crisis is 50% higher than in the pre-crisis period. BadeR statistic
test, we reject the null hypothesis of no contagion (at 10%) in 30, among 42 pa@stise t
performed. We highlight US-France, US-Canada, France-Canada, France-UK, Cagada-Ital
Canada-Japan, Italy-Japan, since these pairwise show bidirectional confdgidmanking
system in Japan has a greater capacity for contagion, while in Germanynkiveglsystem
seems to be the least contagious. Both countries were relatively unafigc@aVID-19
deaths.

Table 1 Test for FSI contagion during COVID-19 crisis

Conmehbns a SPSY FRFN SPTTFS CXPVX FTNM X8770 FTT8000 NFN
S& P500FnanGiSPSY) 058 072 029 050 0 50 025
CACFhanGtf-RFN) 079 055 052 073 086 028

S& PTSXCanadanFnanGSPTTES) 092 075 0. 34 050 049 024

D AXFnanaenesCXPVX) 061 071 059 0. 57 040 020
FTSE350Fhand@BenmestTN M X8770) 077 085 079 080 062 030
FTSER@ABhareFhana#=TT8000) 070 O 92 070 067 080 018

NKkkeb000 hefFnandbentesN FN) 048 0. 54 050 036 051 049

FRspft b SPSY FRFN SPTTFS CXPVX FTNM X8770 FTI8000 NFN
S& P500FnanGiSPSY) 186* *806™ * 032 T70™ 159 184
CACFnana@f-RFN) 125% 123% * 149* 380™ 449* 000
S& PTSXCanadanFnanaSPTTFS) 528% * 697 197** 285" 446*+495*

D AXFnandenesCXPVX) 420 072 152 095 257 020
FTSE350FhanaBenmestTN M X8770) 009 131% * 286* 002 300* 002
FTSEHABh areFn anG#-TT8000) 374* 000 570% 126" 548* 158*% *
NKkkeb000 heFnandbenoesN FN) 568*126* *796% * 280* 631* 183

Notes:® Data from January 01, 2015 to December 31, 2019 (upper triangle)
and from January 01, 2020 to October 16, 2020 (lower triang&).measure

0 (1 2 3 statistic, we consider index X (column) and index Y (row). * p-
value < 0.10, ** p-value < 0.05 and *** p-value < 0.01.

4. Conclusion

We add to the discussion on monitoring G7 banking contagion during this current and
atypical global crisis due to the pandemic. Some of our main conclusions suggest a robust
increase in contagion, mainly involving the countries most affected by the pandemayVe
highlight the difference of the behavior of co-movements involving Italian bankiigs, vis-
a-vis banking cycles in Japan, for instance. Our findings are useful to aetiaihtreduce
potential financial and economic impacts arising from the banking crigscl&lim that this
letter is also useful to draw public policies to safeguard financialistednd to analyze the
timing of the impact of the pandemic crisis in each G7 banking sector.
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