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Abstract

This paper utilizes the CoV aR approach due to Adrian and Brunnermeier (2011) to em-

pirically investigate the degree of cross-border interconnectedness between U.S. and European

banks over the last decade. We estimate ∆CoV aRj|i which measures the additional risk of

financial institution j stemming from cross-Atlantic institution i in distress condition. We use

the CoRISK indicator as the sum of extra risks each bank imposes on all of its foreign counter-

parts in order to rank firms according to their cross-border risk contribution. We further apply

a gravity model to investigate the firm-specific determinants of the estimated co-risk measures.

Our findings show that a bank’s risk exposure measure, ∆CoV aRj|i, is mainly driven by the

own size of the bank: the larger the bank size, the more it is exposed to foreign bank. Large

foreign banks do not impose additional risk on their peers across the border.

Keywords: Systemic Risk, Interconnectedness, Risk Spillovers, CoVaR.
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1 Introduction

The 2007-2008 global financial crisis has drawn widespread attention of academic research and

policy makers to systemic risk and its measurement. The crisis has illustrated that the aggregate

risk facing the system is much higher than the simple sum of the individual risks attending financial

products, institutions and markets. The growth of interlinkages between financial institutions has

expanded the scope for financial shocks to a single firm to spread swiftly across a large number

of institutions and markets and to become systemic. This high interdependence underlines the

importance of looking across the financial system to identify vulnerabilities that might be building

up from the complex interactions among the key players. Hence, reform agenda has now focused on

a system-wide macro-prudential approach to assuring the soundness of the global financial system.

The challenge has been to ensure that systemic risk can be adequately measured and monitored

in real time. With recent developments along this line of research, several measures of systemic risk

have been suggested that emphasize the need to pay greater attention to individual institutions

that are systemically important. Aiming at identifying systemically risky financial institutions these

measures are particularly concerned with assessing interconnectedness within the system in order

to lessen the risk of institutions becoming ”too connected to fail”. The main problem in analyzing

inter-institution exposures is that data is usually available for national supervisors and that some

information is not collected on a systematic basis. For this reason, studies have mainly focused on,

so called, market based risk measures that utilize publicly available data on stock prices.

This paper contributes to this evolving literature by incorporating cross-border linkages across

the financial networks into the analysis of global-scale systemic risk. In particular, we empirically

investigate the degree of interconnectedness between European and U.S. financial institutions by

looking at how much risk has been associated with each institution or group of institutions between

these two large economies over the last decade. The focus is on what are widely acknowledged to

be the most important systemic actors - the banking institutions.

The high inter-financial connectivity between European and U.S. markets has recently facil-

itated much debate about the effect the European sovereign debt crisis could have on the U.S.

banking system. As some have argued in much the same way as the U.S. Lehman crisis severely

impacted the European economy through financial market dislocation, a European banking crisis

would materially impact the U.S. economy both through the financial market channel and through

a generalized increase in global economic risk aversion. Secondly, structural changes in the financial

systems of both these economies make it particularly important to track financial interconnected-

ness over time. In Europe, gradual integration of financial systems under a common currency

has increased the relationships between banks across borders. In the U.S, increasing consolidation
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as well as the removal of regulatory barriers to universal and cross-state banking has led to the

emergence of large and complex banking organizations, whose activities and interconnections are

particularly difficult to follow.

To examine the U.S. - European inter-institutional linkages we adopt the Conditional Value-

at-Risk (CoV aR) methodology due to Adrian and Brunnermeier (2011). CoV aR is defined as a

Value-at-Risk (V aR) measure of a bank conditional on another bank being under distress. In their

application, Adrian and Brunnermeier (2011) consider CoV aR of the U.S. financial system, where

the system consists of a portfolio of 1,226 publicly traded financial institutions, conditioned on

individual U.S. firm experiencing a loss in its asset values. Based on the CoV aR measure, the

authors then estimate the marginal contribution of each institution to the overall systemic risk,

denoted ∆CoV aR as the difference between CoV aR and the unconditional entire system’s V aR.

This approach has the two major advantages. First, CoV aR is based on the well-known concept

in banking and securities industries, V aR, and therefore, is easy to compute. Second, it captures

systemic risk per institution alongside the individual risk of this institution. The main conclusion

is that institutions may have a low V aR but a high CoV aR, which is not captured in current

regulation.

Within the current context, using daily data from 3 January 2000 to 31 December 2011 for

the sample of 30 European and 17 U.S. banks we, first, quantify spillover effects between banks

by estimating each institution’s cross-border risk exposure measure. More specifically, we compute

time-varying ∆CoV aRj|i estimates which incorporate the risk in European financial institution j

conditional on U.S. institution i being in trouble. By reversing the conditioning institution we are

able to measure the risk exposure of a U.S. bank to a European bank. We further construct the

CoRISKEU (CoRISKUS) indicator which represents the sum of additional risks each European

(U.S.) bank imposes on all of its cross-Atlantic counterparts. The CoRISK-based rankings show

that banks that contribute the most to the risk of peer banks across the border are not necessarily

those that are highly risky in isolation, as measured by their V aR.

Second, we also investigate details of inter-linkages between European and U.S. banks at the

institution level to unveil the possible factors that impact how banks are connected to each other.

To this end, we apply a standard gravity model to examine the association between the estimates of

cross-border risk measure, ∆CoV aR, and a set of banks’ balance-sheet characteristics. The findings

suggest that larger foreign banks do not impose additional risk on their cross-Atlantic counterparts.

On the other hand, the own size of banks turns out to be an important determinant of their risk

exposure with larger banks being more risk sensitive to foreign banks. The two key indicators of an

institution’s solvency, leverage and long-term debt to equity ratio, appear as statistically significant

drivers of U.S. banks’ exposure to European banks, but are not informative in terms of explaining
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the risk imposed by U.S. banks onto European institutions. Finally, short-term borrowing does not

seem to be a significant factor driving the cross-border ∆CoV aR measure.

The remainder of the paper is structured as follows. Section two reviews recent empirical lit-

erature on quantifying systemic risk and assessing financial interlinkages. Section three defines the

co-risk measure, CoV aR, and describes its estimation procedure via quantile regression. Section

four presents data and estimation results of the risk measures for the European and U.S. sam-

ples. Section five discusses the bank-specific determinants of the cross-border ∆CoV aR such as

size, leverage and short-term and long-term debt estimated using gravity equations. Section six

concludes.

2 Related Literature

Our paper builds on the growing literature on measuring and assessing systemic importance of

individual financial institutions by incorporating market and accounting information. This line

of research investigates the systemic impact resulting from the problems of an institution or a

market, and emphasizes the role of size, interconnectedness and the availability of substitutes. The

underlying theoretical framework refers to interlinkages among financial institutions that could

spread both through negative externalities or fundamental shocks, as well as liquidity and volatility

spirals, or network effects. These studies propose measures that allow identifying systemically

important financial institutions and allocating macro-prudential capital requirements on individual

banks.1

Lehar (2005) estimates correlations between bank-asset portfolios and uses default probabilities

of financial institutions as a measure of systemic risk. More specifically, the author’s proposed

measure is based on the probability that banks with total assets of more than a certain percentage

ε of all banks’ assets default within a short period of time. Following a similar approach, Segoviano

and Goodhart (2009) suggest a set of banking stability indicators according to distress dependence,

and Huang et al. (2010, 2011) introduce a risk-neutral-based pricing measure based on Merton’s

(1974) model for individual firm default.

A large strand of literature begins from a notion of systemic risk and then identifies how much

each financial institution adds to overall systemic risk. For example, Acharya et al. (2010) and

Brownlees and Engle (2012) propose the Marginal Expected Shortfall as the potential loss of an

institution conditional on the whole system being under distress and this can be interpreted as the

per dollar systemic risk contribution of this particular institution. Along the same line, Tarashev et

1Bisias et al. (2012) provide a comprehensive survey of systemic risk literature.
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al. (2009, 2010) and Drehman and Tarashev (2011a, 2011b) apply the Shapley Value decomposition

approach, which defines a bank’s risk contribution as a weighted average of its add-on effect to each

subsystem that includes this bank. Studies that further build up on the ∆CoV aR methodology

include Rodriguez-Moreno and Pena (2011), Girardi and Ergun (2011), Sedunov (2011), Hautsch

et al. (2011), Lopez-Espinoza et al. (2012), and Castro and Ferrari (2012).

Another line of research specifically aims at measuring the degree of connectivity among fi-

nancial firms and assessing how risk profiles of these institutions can generate systemic risk. The

analysis is not meant to be directly applicable to determining optimal bank capital requirements

or taxation but merely serve as early warning signals of potential market dislocation and may be

used to detect systemically important institutions and linkages. Among widely used methodolo-

gies, network analysis considers the financial system as a complex dynamic network of players that

are connected directly through mutual exposures in the interbank market and indirectly through

holding similar portfolios or sharing the same mass of depositors. If an institution is a part of the

financial network it bears network risk, which it cannot effectively defend itself against. Then, sim-

ulating shocks, network analysis can track the reverberation of a credit event or liquidity squeeze

through the system and provide important measures of institutions resilience to the domino effect

triggered by financial distress. Van Lelyveld and Liedorp (2006), for example, investigate conta-

gion risk in the Dutch interbank market by estimating the extent of bilateral and foreign exposures.

The major problem with constructing a matrix of inter-institution exposures, and especially cross-

border exposure matrix, is that data may only be available for national supervisors and that some

information is not collected on a systematic basis. For this reason, studies mainly focused on their

respective banking system or used alternative available data and study cross-country bilateral ex-

posures. Cihak et al. (2011) look at cross-border banking linkages by analyzing aggregate country

data to answer the question: does a country’s banking system get more or less prone to a banking

crisis when it is more linked to the global banking network? This approach is attractive in the sense

that it helps determine the degree of exposure of one countrys financial system to the risk of other

countries. The major shortcoming of this method is that it focuses on aggregate data and does

not allow us to detect the sources of vulnerabilities and identify which financial institutions are

possibly a threat to the overall systemic stability. It provides little information about inter-linkages

among financial institutions, which may be important given that systemic risk materializes through

transmission of stress from one institution to many others.

Alternative approaches include Billio et al. (2012) who measure the degree of interconnect-

edness among market returns of various financial industries and their impact on systemic risk

based on principal components analysis and Granger-causality tests. Applications of ∆CoV aR

that specifically focus on assessing interdependencies between financial institutions include IMF
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(2009), Chan-Lau (2009), and Roengpitya and Rungcharoenkitkul (2011) among others. Adams et

al. (2011) utilize the CoV aR method to estimate a state-dependent sensitivity V aR for measuring

spillover effects among systemically important financial institutions accounting for the effects of dif-

ferent market states on the magnitude of risk spillovers. We contribute to this strand of literature by

incorporating the CoV aR methodology into the measurement of cross-border interconnectedness.

3 CoVaR Methodology

3.1 Definition

CoV aR is based on the concept of Value-at-Risk (V aR), a measure defined as the worst expected

loss in the value of a risky asset or portfolio for a given probability and time horizon. Given the

returns of institution i, rit, the V aRi is defined as:

Pr(rit ≤ V aRiα,t) = α (1)

The definition states that for a confidence level of, for example, (1− α) = 0.95, there is only a 5%

chance that losses will be greater than V aR over the chosen risk period.2

Adrian and Brunnermeier (2011) propose the CoV aR as a way to gauge the severity of distress

in one institution, given the distress in another institution. More formally, they define CoV aR
j|i
α

as the V aR of institution j conditional on the institution i’s return being at its V aR level. 3 That

is, CoV aR
j|i
α is given by the α-quantile of the following conditional distribution:

Pr(rjt ≤ CoV aR
j|i
α,t|rit = V aRiα,t) = α (2)

To capture the contribution of institution i to the risk of institution j they introduce ∆CoV aR as

the difference between the V aR of institution j conditional upon institution i being in a distress

state and the unconditional level institution i’s V aR:

∆CoV aR
j|i
α,t = CoV aR

j|i
α,t − V aR

j
α,t (3)

This measure shows the extent of institutions’ risk interdependence: when banks’ risks are sig-

nificantly interdependent, ∆CoV aR
j|i
α will be different from zero. It, thus, reflects externalities

not captured by institution-specific V aR and enables us to assess the spillover effects across the

2V aR specified in equation (1) assumes a negative value when α is small.
3Alternatively, one can specify distress event as losses exceeding V aR, i.e. rit ≤ V aRi

t. Girardi and Ergun (2011)
use this conditioning event for the estimation of systemic risk measure.
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financial network by computing the additional risk associated with each bank.

In their application Adrian and Brunnermeier (2011) consider the situation in which j represents

the U.S. financial system. Their estimated CoV aRsystem|i, therefore, measures the risk of the whole

system given the stand-alone risk of U.S. institution i. For the current analysis we study the case

where j corresponds to a European bank, {j = EU} , and i corresponds to a U.S. bank, {i = US}.
Hence, for example, CoV aREU |US gauges spillover or correlation effects from the failure of a U.S.

bank to the safety of its European counterpart. Accordingly, ∆CoV aREU |US represents additional

amount of European bank’s V aR, apart from its institution-alone V aR, caused by the U.S. bank.

3.2 Estimation Procedure

There are many ways to estimate CoV aR empirically. Following Adrian and Brunnermeier (2011)

we compute time-varying co-risk measures via the the quantile regression which involves the fol-

lowing procedure:4

Step 1. V aR for each U.S. institution is estimated by running the quantile regression at the

α-quantile on the following relationship:

rUSt = δUSα + γUSα MU.S.
t−1 (4)

where M denotes the vector of exogenous macroeconomic and financial variables that are acknowl-

edged to capture the expected return in financial markets. The detailed discussion of these condi-

tioning factors is given in Section 4.1.

Individual V aRs are then obtained using the predicted values from equation (3) according to:

V aRUSα,t = δ̂USα + γ̂USα MU.S.
t−1 (5)

Step 2. By the same analogy, CoV aR of each European-U.S. bank pair is estimated by regressing

the European bank’s returns on the U.S. bank’s return and a set of macroeconomic indicators

related to the European region, whose fitted values evaluated at {rUSt = V aRUSα,t } correspond to

the definition of CoV aREU |US as follows:

CoV aR
EU |US
α,t = δ̂EU |US + β̂EU |USV aRUSα,t + γ̂

EU |US
t MEUR

t−1 (6)

The spillover coefficient, βEU |US , measures both direct and indirect impact of the U.S. bank on the

risk of the European bank for the αth quantile. The larger the estimated |CoV aR|, the larger the

4See Koenker and Bassett (1978) for a detailed discussion of the quantile regression methodology.
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spillover effect.

Step 3. To measure how much a particular U.S. institution adds to the risk of a European

institution we compute ∆CoV aREU |US specified by equation 3.

Step 4. Finally, for each U.S. bank we construct the overall risk indicator, CoRISKUS
t , as a

weighted sum of the ∆CoV aRs of all European banks in the sample:

CoRISKUS
t =

N∑
EU=1

ωEU,t∆CoV aR
EU |US
α,t (7)

where weights, ωEU,t, are assigned according to each European bank’s book value of liabilities and

satisfy the restriction 0 ≤ ωEU ≤ 1.

The CoRISKUS
t indicator shows the aggregate of additional risks a particular U.S. bank im-

poses on all European banks in the sample on top of their stand-alone risk.5

We select liabilities as a weighting variable in order to more accurately capture the degree of

bank’s risk exposure. For example, due to deteriorating market conditions a bank in the U.S. can

be considered risky in terms of ∆CoV aR for its peer bank in Europe. However, the ”impacted”

European bank might have enough capacity to issue additional debt limiting the spillover effect

and, thereby, withstanding overall risk it faces from the U.S. counterpart.

Using the CoRISKUS indicator we can then rank U.S. institutions according to their cross-

border risk contributions and identify which banks are particularly important for their cross-

Atlantic peers.

We replicate the above procedure for each European bank in our sample to obtain its respective

V aREU , ∆CoV aRUS|EU and CoRISKEU measures.

4 Estimation

4.1 Data

We utilize publicly available data for a sample of 30 European and 17 U.S. banks over the period

spanning from 01/03/2000 to 12/31/2011. The sample is constructed taking into account banks’

asset size, market capitalization and cross-border exposures. Appendix 1 lists all institutions by

their respective countries and tickers.

5This indicator can not be viewed as the total risk a particular U.S. bank has on the European banking sample.
Since CoV aR is based on V aR it lacks the additive property and summing up ∆CoV aRs will not produce the
aggregate system-wide measure of risk.
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The time-varying V aR and CoV aR measures are estimated using individual stock returns and

a set of macro-financial variables. These conditioning risk factors are specific to the geographic

region, either U.S. or Europe, each bank belongs to. In particular, U.S. state variables consist of

the VIX index which captures the implied volatility in the stock market, liquidity spread defined

as the difference between the 3-month U.S. repo rate and the 3-month U.S. T-bill rate, the change

in the 3-month Treasury bill, the change in the slope of the U.S. yield curve measured as the yield

spread between the U.S. 10-year Treasury bond and the 3-month Treasury bill rates, the credit

spread constructed as the yield spread between the 10-year Moody’s seasoned BAA corporate

bond and 10-year Treasury bond, and the market index return. The European counterparts of

these predictors include the VDAX, the spread between the 3-month EURIBOR and the 3-month

German government bond yield, the change in the 3-month German government bond, the change

in the slope of the yield curve defined as the difference between the 10-year and 3-month German

government bond yield, and the FTSE European stock index return. Tables 1a and 1b provide the

summary statistics for the U.S. and European state variables, respectively.

[Table 1a] here

[Table 1b] here

For the computation of the CoRISK indicators we use data on banks’ liabilities for period

07/01/2002 - 12/31/2011.

U.S. data are retrieved from the CRSP, the Federal Reserve Board’s H.15 Release and COM-

PUSTAT databases and European data are from the Bloomberg Terminal.

Risk measures are estimated at the α = 5% confidence level and at daily frequency.

4.2 Results

There are a few points worth commenting from the quantile regression estimation.6 The estimates

from the regressions of the V aR processes show that, the market volatility index and liquidity spread

is statistically significant in terms of predicting one-step ahead V aR. The increase in volatility and

the widening of the spread are associated with larger expected losses for both U.S. and European

banks. Similar results hold for the regressions of the CoV aR processes with market volatility and

liquidity spread exhibiting the strongest predictive power. Moreover, the coefficient on cross-border

bank returns is significant across all CoV aR regressions suggesting a strong spillover effect from

foreign institutions on impacted domestic institutions.

6The results of the estimation are not reported in order to save space and are available upon request.
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Table 2 contains descriptive statistics for the return series and estimates of V aR and CoRISK

measures for the U.S. and European banks across the 2002-2011 sample period as well as their

mean values segmented into pre crisis, crisis and post crisis periods. The table shows that the

two risk measures increased after the crisis compared to the before-crisis period both for U.S. and

for European samples. While the average V aR increased equally for the two bank groups, the

percentage increase of the mean CoRISK indicator for U.S. banks was more than twice as much

as that for European banks.

[Table 2] here

What is the relationship between institutions’ stand-alone risk, as measured by V aRi, and

institutions’ contribution to the risk of their cross-Atlantic counterparts, as measured by CoRiski?

To answer this question we first plot the cross-time mean of V aRs against the cross-time mean of

CoRISKs separately for the panel of U.S. institutions and separately for the panel of European

institutions. These two scatter plots presented in Figure 1 suggest that there is a weak cross-

sectional link between each bank’s V aR and its CoRISK measure. This is in line with some

previous findings confirming that institution’s risk in isolation is not equivalent to the additional

risk it imposes on another institution or on the whole financial system.

[Figure 1] here

A closer glance at the rankings of financial institutions based on their respective 5% V aR

and CoRISK measures confirms that, indeed, banks that are most risky in terms of their cross-

border risk contribution are not necessarily the banks that are individually most, as measured by

their V aR. highest V aR. Table 3 contains the complete rankings for 13 U.S. and 30 European

institutions for the last observation date, 12/31/2011. From the U.S. list we observe that Morgan

Stanley, Suntrust and Bank of America, which are ranked third, fourth and fifth, respectively,

according to their V aR, constitute the list of three least risky banks according to the CoRISK

measure. In contrast, PNC Financial Services with the second lowest V aR has the second highest

CoRISK among all U.S. banks in the sample. Similar picture can be observed when one looks at

the European bank ranking. Allied Irish Bank Group which has the highest V AR is at the same

time ranked only 27th in terms of CoRISK, while HSBC with the second lowest V aR is among

top 10 risky institutions in the European CoRISK ranking.

Our sample includes 8 U.S. and 15 European banks that were identified as global systemically

important financial institutions (G-SIBs) by Financial Stability Board in November 2012. The

rankings reveal that, in general, G-SIBs are also the banks that contribute the most to the risk of

peer-institutions across borders, although this is not always the case. For instance, U.S. G-SIBs like

Citigroup and Bank of New York Mellon are among the top three riskiest institutions according to
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CoRISKUS , while Bank of America and Goldman Sachs have the lowest CoRISK and, therefore,

are the two least risky institutions in the U.S. ranking. Similarly, the two European G-SIBs, Nordea

and Barclays, are listed at the bottom of the European CoRISK-based ranking.

[Table 3] here

We further compare the dynamics of the V aR and CoRISK measures over time. Figure 2(a)

plots the average daily V aRs and CoRISKs for the sample of U.S. banks estimated the period

from 07/01/2002 to 12/31/2011. Figure 2(b) replicates the same plot for the panel of European

banks.

[Figure 2] here

We also present two graphs showing the V aR-∆CoV aR relation for Bank of America and for

Deutsche Bank. Figure 3(a) illustrates Bank of America’s contribution to the risk of Deutsche

Bank, as measured by ∆CoV aRDBK|BAC and its stand-alone V aR, and Figure 3(b) time plots

Deutsche Bank’s contribution to the risk of Bank of America, as measured by ∆CoV aRBAC|DBK

and its V aR. In all graphs the two lines move closely together, which implies that there is a very

strong relation between V aR and ∆CoV aR in time series.

[Figure 3] here

The analysis of the relationship between V aR and ∆CoV aR brings us to the conclusion that

these two measures are strongly related in time series but not in cross section. In the next stage

of the analysis we examine the relation between estimates of ∆CoV aR and various cross-border

institution-specific factors.

5 Determinants of Cross-Border Risk Exposure

In this section we turn to the identification of empirical drivers of our estimated ∆CoV aR measures.

More specifically, we investigate whether a set of bank level factors can predict the differences in

international linkages at the individual bank level and explain how banks in the two regions are

connected to each other.

Our empirical framework relies on a gravity model. Traditionally used in the context of inter-

national trade the standard gravity model explains merchandise trade between pairs of countries i

and j with size of these countries and distance between them. Recently gravity equations have been

also applied to other economically relevant cross-border activities, such as flows of FDI, equity, and
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bank loans.7

In the current application we examine how far the gravity model helps explain the degree of

institutions’ cross-border interconnectedness, as measured by ∆CoV aR, by the key bank-specific

characteristics. More specifically, we run bilateral fixed-effect panel regressions using individual

balance sheet information for the period from 07/01/2002 to 12/31/2011.

Since balance sheet data are at semiannual frequency and our estimates of ∆CoV aR are daily,

we time-aggregate the latter by computing the simple average of daily ∆CoV aRs within each half

a year period.

The exact specification of the log-linear model for affected European banks takes the following

form:

∆CoV aR
EU |US
α,t =β0 + β1SizeEU,t + β2SizeUS,t + β3LEVUS,t + β4STBUS,t + β5LTDUS,t (8)

+β6∆CoV aR
EU |US
α,t−1 + γt + ueu,t

where the variables are in natural logarithm and defined as follows:

− ∆CoV aR
EU |US
α,t , is the additional risk of European bank (EU = 1,...,30) coming from U.S.

bank (US = 1,...,17) in period t (t = 2002H2 - 2011H2);

− Size denotes USD value of an institution’s total assets. Foreign, U.S., banks with larger size

should be more risky for domestic, European, banks. Also larger size of the affected domestic

bank is associated with a higher degree of its cross-border risk exposure. However, one can

argue that banks with a more concentrated home market might be less dependent on business

in foreign markets, so the coefficient, β2 can be negative. Similarly, smaller banks could be

more risk sensitive than larger ones, so that β1 could be negative. The sign of the Size

coefficients therefore has to be determined empirically.

− LEV is an institution’s leverage defined as the ratio of total assets to equity in book values.

This measure reflects the solvency of an institution: the higher an institution’s leverage, the

lower its solvency. Less solvent banks impose higher risk on their peers, so we expect a

positive relation of LEVUS with the dependent variable.

− Short-term borrowing, STB, is defined as the ratio of short-term debt to total assets. Short-

term debt represents the amount of short-term notes including repos and commercial papers

7See Anderson (1979) and, more recently, Frankel and Rose (2002) for the introduction of gravity models in trade,
Portes and Rey (2005) for the application of gravity equation in assets and Papaiannou (2005) for the gravity model
of international bank lending.
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and the current portion of long-term debt that is due within twelve months. This ratio is a

proxy for balance sheet interconnectedness among financial institutions and captures a bank’s

exposure to liquidity risk. We expect that banks with a larger proportion of short-term debt

in total assets contribute more to the risk of their cross-Atlantic counterparts.

− LTD is the long-term debt to total shareholders’ equity ratio. Long-term debt consists of

bank loans and financing agreements, in addition to bonds and notes, that have maturities

greater than one year. The ratio shows the use of borrowed money to enhance the return on

owners’ equity. Hence, we expect a positive coefficient on LTDUS .

− ∆CoV aR
EU |US
α,t−1 is a one period lag of the semiannual ∆CoV aREU |US estimates.

− γt is a time fixed-effect to capture unobserved time heterogeneity and ueu,s is an error term.

Table 4 contains summary statistics for balance sheet variables of the U.S. and European

financial institutions over the sample period. The table reveals that European banks are much

more leveraged than their U.S. counterparts. Although the average semiannual leverage decreased

for both European and U.S. banks after the crisis compared to the before-crisis period, the former

group remains twice as much leveraged as the latter. This higher leverage of European banks is

reflected in lower equity to asset ratios. Looking at the short-term borrowing ratio it is apparent

that U.S. institutions have used less short-term debt financing over the sample period. The mean

ratio for U.S. banks hit a 40% drop after June 2009. In comparison, European banks had only a

13% fall in the short-term debt ratio after the crisis. This is also confirmed by looking at the mean

dollar value of firms’ short-term debt, which declined from $165 million before the crisis to $137

million after the crisis for U.S. banks and increased from $169 million in pre-crisis times to $184

million in post-crisis period for European banks. Mean long-term debt financing increased for both

bank groups over the same period, growing from $93 million and $123 million before the crisis to

$143 million and $170 million after the crisis for U.S. and European banks, respectively. Debt to

equity ratio, however, fell by 36% for U.S. banks and 5% for European banks and remains higher

for European banks than for U.S. banks. The numbers reflect differences between the funding

structure of the U.S. and European banking systems. U.S. banks finance a far higher proportion of

the loan books by deposits: a loan to deposit ratio in U.S. market is 78% compared to more than

110% in Europe. Consequently, European banks have to rely on the wholesale markets to fill in

their funding gap.

[Table 4] here

Tables 5 and 6 summarize the estimation results for the gravity equations. We estimate the

model using bilateral fixed effects, which allows us to control for heterogeneity across bank-pairs,
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and with cluster-corrected standard errors using each bank-pair relation as cluster.8 Regression

outputs for the European model (equation 8) presented in column 1 of Table 5 suggest that neither

size nor leverage of the U.S. peer banks is a significant driver of the ∆CoV aREU |US at standard

confidence levels. Short-term borrowing is also insignificant implying that banks which depend

on short-term liquidity do not impose extra risk on their counterparts across the border. The

coefficient on long-term debt ratio is statistically different from zero only at 10% confidence level

and its magnitude is very small. At the same time the own size of the European banks appears

as an important factor in terms of explaining the ∆CoV aR measure. As expected, the sign of

the SizeEU coefficient is positive suggesting that larger banks in Europe are more risk sensitive

to U.S. banks. The estimated elasticity suggests that a 10% asset growth of the European banks

will increase ∆CoV aREU |US by about 1.5%. In column 2 we also add the U.S. institution’s V aR

as an independent variable since our previous findings show that there is a close time-series link

between this measure and ∆CoV aR. All coefficients retain their signs and significance levels under

this specification, except for long-term debt ratio which is no longer statistically important.

Estimation results of the fixed effect gravity equation for U.S. banks are presented in column 1 of

Table 6 and confirm a positive correlation between the own size of banks and their cross-border risk

exposure measure, ∆CoV aRUS|EU . The larger the U.S. bank the more it is exposed to European

banks. In contrast to the findings of Table 5 the size of foreign banks appears as a statistically

significant determinant of their contribution to the risk of the cross-Atlantic banks although its

economic significance is very low. The relationship between SizeEU and ∆CoV aRUS|EU is negative

which might be due to the fact that U.S. financial system is highly concentrated in the domestic

market. Furthermore, the U.S. banks’ exposure to the European banking system in terms of the

European asset holding is associated with direct exposure of the European center to the European

periphery. The coefficient on LEVEU,t is significantly positive implying that less solvent European

banks have higher spillover effect on their U.S. counterparts. More specifically, a 10% decrease

in European banks’ solvency will increase ∆CoV aRUS|EU by almost 1%. Furthermore, long-term

debt ratio turns out significant and negative suggesting that U.S. institutions with higher debt

as a proportion of equity are less risky to European banks. Short-term borrowing is positive and

significant at 10% but becomes insignificant with the inclusion of V aREU as an additional control

variable (column 2).

To check the robustness of our results we reestimate the models using a random effect estimator.

The advantage of this approach is that it allows us to separately capture time-invariant factors that

are specific to each bank-pair. As a bilateral variable we introduce an industry dummy, Industry,

8Since the assumption of homoskedasticity of the error term is likely to be violated under the log-linear specification
of the model it is quite important to use panel-corrected standard errors.
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that takes on the value one when both U.S. and European banks belong to the same industry (either

commercial banks or broker-dealers) and zero otherwise in order to see whether banks in the same

industry group have a higher cross-border risk contribution measure. All specifications include

bank dummies to control for bank-specific heterogeneity. The estimation results are provided in

columns 3-4 of Table 5 and Table 6 and are robust with respect to the previous model specification.

The coefficient on the Industry dummy is not significant across all regressions - there is no evidence

suggesting that banks within the same industry group are riskier for each other.

[Table 5] here

[Table 6] here

In summary, our findings show that banks with larger size do not necessarily impose additional

risk onto their counterparts across the Atlantic. On the other hand, the own size of affected

banks turns out to be a significant determinant of their risk exposure to foreign banks. The

two indicators of an institution’s solvency, leverage and long-term debt to equity ratio, appear

statistically important in explaining the risk exposure of U.S. banks to European banks, but are

not informative in terms of explaining additional risk U.S. banks impose onto the European peers.

In addition, short-term borrowing seems not to be an important driver of the ∆CoV aR measure

of both European and U.S. financial institutions.

6 Conclusion

The last global financial crisis has made policymakers and regulators reconsider the institutional

framework for overseeing the stability of financial systems and put a greater focus on individual

institutions that are systemically important. In this regard a number of market-based measures of

systemic risk have emerged that consider systemically relevant financial institutions.

In this paper we examine how one such measure, namely ∆CoV aR, has performed in assessing

vulnerabilities and the degree of interconnectedness between European and U.S. banks. The focus

on international linkages among financial institutions is quite important given that systemic risk

materializes through transmission of stress from one institution to another and has global impli-

cations. Quantifying the degree of co-dependences, therefore, can serve as an additional tool for

supervisors to employ in determining appropriate policy regarding bank regulation, especially when

the banks that are considered ”too-interconnected-to-fail”. Financial linkage estimation would also

help banks to analyze whether and how they are connected to other international peer banks and

better determine the causes of such linkages.
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Using daily stock return data for the large sample of U.S. and European banks we estimate

∆CoV aR for each bank which measures the additional risk of an institution conditional on another

institution across the border being in distress. Based on this measure we construct the CoRISK

indicator which represents the sum of additional risks each bank imposes on all of its cross-border

counterparts. Our estimates show that, indeed, banks that contribute the most to the risk of

their foreign peers are not necessarily those that are the riskiest in terms of their stand-alone V aR

measure.

We further investigate the determinants of our estimated co-risk exposure measure: ∆CoV aREU |US

for European banks and ∆CoV aRUS|EU for U.S. banks. The findings suggest that bank’s risk ex-

posure measure is driven by the own size of the bank: the larger the bank, the more it is exposed

to a foreign bank. Large foreign banks do not seem to impose extra risk on their cross-Atlantic

counterparts. Other balance sheet indicators, like leverage and long-term debt to equity ratio,

appear as important drivers of U.S. banks’ risk exposure to European banks. However, they are

not informative in terms of explaining additional risks of European banks stemming from their

U.S. peers. Short-term debt to asset ratio also does not explain differences in the cross-border

∆CoV aRs for the two sample groups.

For improving our understanding of the nature of international financial linkages further re-

search should aim at strengthening the techniques to assess them and consider other key actors of

the financial markets. This task greatly depends on availability of granular information needed as

input to estimate interlinkages in the global financial system.
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Appendix: List of Financial Institutions

Country Bank Ticker
Austria Erste Group Bank EBS
Belgium KBC Group SA KBC

Dexia SA DEXB
Denmark Danske Bank A/S DANSKE
France BNP Paribas* BNP

Credit Agricole SA ACA
Societe Generale* GLE
Natixis KN

Germany Commerzbank AG* EBS
Deutsche Bank AG* DBK

Great Britain Barclays Bank Plc* BARC
HSBC Holdings Plc* HSBA
Lloyds Banking Group LLOY
Royal Bank of Scotland RBC
Standard Chartered STAN

Ireland Allied Irish Banks ALBK
Italy Banca Monte dei Paschi BMPS

Intesa SanPaolo SpA ISP
UniCredit SpA UCG

Netherlands ING Groep NV INGA
Norway DnB NOR Bank ASA DNBNOR
Spain Banco Bilbao Vizcaya BBVA

Banco Popular Espanol POP
Banko Santander SA SAN

Sweden Nordea Bank AB NDA
Skandinaviska Enskilda SEBA
Svenska Handelsbanken SHBA
Swedbank AB SWEDA

Switzerland Credit Swiss Group AG* CSGN
UBS AG* UBSN

United States Bank of America BAC
BB&T BBT
Bank of New York Mellon BK
Bear Stearns* BSC
Citigroup C
Goldman Sachs* GS
JP Morgan Chase JPM
Lehman Brothers* LEH
Merill Lynch* MER
Morgan Stanley* MS
PNC Financial Services PNC
Regions Financial RF
State Street STT
Suntrust Banks STI
US Bancorp USB
Wachovia WB
Wells Fargo & Co WFC

* denotes broker-dealers
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Table 1a: Summary Statistics for U.S. State Variables

Mean Median St.Dev Min Max Skewness Kurtosis

VIX 22.33 20.74 9.4761 9.89 80.86 1.8077 5.3564
Liquidity Spread 0.1552 0.0700 0.2047 -0.3300 1.8500 1.8016 4.7986
3-month Treasury Change -0.0015 0.0000 0.0575 -0.8100 0.7400 -0.5390 45.9560
Term Spread Change 0.0001 0.0000 0.0773 -0.5100 0.7400 0.2828 9.0744
Credit Spread Change 0.0004 0.0000 0.0341 -0.1600 0.3800 1.4476 14.1930
Equity Market Return 0.0001 0.0006 0.0139 -0.0898 0.1148 -0.0528 6.4792

Notes: The table reports the descriptive statistics for the U.S. state variables used in the estimation of

∆CoV aR for the sample of U.S. banks. The variables are the VIX index, liquidity spread computed as the

difference between the 3-month U.S. repo rate and the 3-month U.S. T-bill rate, the change in the 3-month

Treasury bill, the change in the slope of the U.S. yield curve defined as the yield spread between the U.S.

10-year Treasury bond and the 3-month Treasury bill rates, credit spread measured as the yield spread

between the 10-year Moody’s seasoned BAA corporate bond and 10-year Treasury bond, and the market

index return. Data are daily covering the period between 01/03/2000 and 12/31/2011.

Table 1b: Summary Statistics for European State Variables

Mean Median St.Dev Min Max Skewness Kurtosis

VDAX 23.84 21.30 9.4782 10.98 74.00 1.3902 1.8831
Liquidity Spread 0.4383 0.2480 0.4855 -0.5890 3.4780 2.6807 10.0332
3-month Treasury Change -0.0013 0.0000 0.0677 -1.2010 0.7710 -1.9162 62.2088
Term Spread Change 0.0003 -0.0010 0.0804 -0.7910 1.2260 0.8296 34.4200
FTSE return 0.0000 0.0000 0.0131 -0.0885 0.0984 0.0697 5.9104

Notes: The table presents the descriptive statistics for the European state variables used in the estimation

of ∆CoV aR for European banks. The variable are the VDAX index, liquidity spread defined as the spread

between the 3-month EURIBOR and the 3-month German government bond yield, the change in the 3-month

German government bond, the change in the slope of the yield curve computed as the difference between the

10-year and 3-month German government bond yield, and the FTSE European stock index return. Data are

daily covering the period between 01/03/2000 and 12/31/2011.
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Table 2: Summary Statistics for Estimated Risk Measures

Obs. Mean St.Dev Max Min Pre-Crisis Crisis Post-Crisis

rUS 48077 0.0002 0.0324 0.8876 -0.9425 0.0006 -0.0010 0.0002
rEU 87763 0.0000 0.0282 0.7324 -0.7032 0.0008 -0.0012 -0.0003
V aRUS 48060 0.0384 0.0228 0.2508 0.0028 0.0195 0.0612 0.0391
V aREU 87733 0.0368 0.0224 0.3457 0.0000 0.0211 0.0598 0.0421
CoRISKUS 37469 0.0072 0.0051 0.0581 0.0006 0.0037 0.0114 0.0080
CoRISKEU 70155 0.0118 0.0062 0.0850 0.0010 0.0084 0.0160 0.0121

Notes: The table contains mean, standard deviation, maximum and minimum values of the daily returns
and estimates of V aR and CoRISK measures for U.S. and European banks. Sample period for the return
and V aR series is from 01/03/2000 to 12/31/2011, sample period for the CoRISK indicators is from
01/07/2002 to 12/31/2011. The last three columns report the average values for the periods before the
financial crisis (07/01/2005-06/30/2007), during the crisis (07/01/2007-06/30/2009) and, after the crisis
(07/01/2009-12/31/2011).
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Figure 1: Cross-Sectional Relation between CoRISK and V aR

(a) U.S. Banks
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(b) European Banks
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Notes: The left scatter plot displays the relationship between the cross-time mean of CoRISK (vertical

axis) and the cross-time mean of V aR ( vertical axis) for each U.S. institution. The right plot shows the link

between the cross-time mean of CoRISK and the cross-time mean of V aR for each European institution.

Estimates are daily for the period from 07/01/2002 to 12/31/2011.
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Table 3: Rankings of Financial Institutions

Panel A: U.S. Banks

Rank V aRUS CoRISKUS

1 RF C
2 C PNC
3 MS BBT
4 STI BK
5 BAC RF
6 BK USB
7 JPM JPM
8 WFC WFC
9 STT STT
10 BBT MS
11 USB STI
12 PNC BAC
13 GS GS

Panel B: European Banks

Rank V aREU CoRISKEU

1 ALBK UBSN
2 DEXB ACA
3 RBS INGA
4 KN GLE
5 KBC UCG
6 CBK DBK
7 BARC RBS
8 LLOY HSBA
9 INGA BNP
10 UBSN SWEDA
11 EBS KBC
12 ACA SAN
13 GLE BBVA
14 UCG CBK
15 ISP SEBA
16 SWEDA CSGN
17 SEBA EBS
18 DBK LLOY
19 BNP STAN
20 STAN DEXB
21 BMPS ISP
22 CSGN BARC
23 BBVA POP
24 SAN KN
25 POP DANSKE
26 DANSKE NDA
27 SHBA ALBK
28 DNBNOR SHBA
29 HSBA BMPS
30 NDA DNBNOR

Notes: The table reports the list of U.S. institutions (Panel A) and the list of European institutions (Panel

B) ranked according to their estimated V aR and CoRISK measures from most to least risky. Rankings are

for 12/31/2011.
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Figure 2: Time Series Relation between CoRISK and V aR

(a) U.S. Banks
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(b) European Banks
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Notes: The left panel time plots the average CoRISK (solid black line, left vertical axis) and the average

V aR (dashed grey line, right vertical axis) for the sample of U.S. institutions. The right panel of the figure

plots the average CoRISK (solid black line, left vertical axis) and the average V aR (dashed grey line,

right vertical axis) for the sample of European institutions. Estimations are for the period 07/01/2002 -

12/31/2011.

Figure 3: Time Series Relation between ∆CoV aR and V aR

(a) Bank of America: ∆CoV aRDBK|BAC and
V aRBAC
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(b) Deutsche Bank: ∆CoV aRBAC|DBK and
V aRDBK
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Notes: The left panel plots Bank of America’s contribution to the risk of Deutsche Bank, as measured

by ∆CoV aRDBK|BAC (solid black line, left vertical axis), and its V aR (dashed grey line, right vertical

axis). The right panel plots Deutsche Bank’s contribution to the risk of Bank of America, as measured by

∆CoV aRBAC|DBK (solid black line, left vertical axis), and its V aR (dashed grey line, right vertical axis).

Estimations are for the period 07/01/2002 - 12/31/2011.

25



Table 4: Summary Statistics for Bank Balance Sheet Characteristics

U.S. Banks Obs. Mean St.Dev Max Min Pre-Crisis Crisis Post-Crisis

Size 298 597,102 609,467 2,363,878 47,939 572,792 719,250 825,450
LEV 295 15.13 7.64 58.57 6.72 16.21 16.84 11.07
STB 297 0.19 0.17 0.71 0.01 0.22 0.18 0.13
LTD 297 2.41 2.39 14.02 0.27 2.67 2.96 1.70

European Banks Obs. Mean St.Dev Max Min Pre-Crisis Crisis Post-Crisis

Size 570 883,572 758,678 3,744,500 44,122 846,458 1,191,291 1,114,546
LEV 569 24.81 9.97 115.88 9.45 25.63 27.95 22.29
STB 570 0.19 0.12 0.62 0.01 0.20 0.19 0.16
LTD 569 4.54 3.82 27.14 0.06 4.81 5.37 4.56

Notes: The table reports the descriptive statistics of balance sheet variables for the sample of U.S. banks in
the top panel and for the sample of European banks in the bottom panel. Column 1 gives the total number of
observations, columns 2 to 4 contain the panel mean, standard deviation the minimum and maximum values,
respectively, and the last three columns report mean values for the pre-, within- and post-crisis periods. Size
denotes banks’ total assets in million USD; LEV is the ratio of total assets to total equity; STB is defined
as the ratio of short-term debt to total assets and; LTD is the ratio of long-term debt to total shareholders’
equity. Sample period is from 01/07/2002 to 12/31/2011.
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Table 5: Gravity Model Estimation Results for European Banks

dependent variable: ∆CoV aR
EU |US
t

Estimation Method: Fixed Effect Random Effect

(1) (2) (3) (4)

SizeEU,t 0.148*** 0.147*** 0.157*** 0.156***
(0.016) (0.016) (0.016) (0.016)

SizeUS,t -0.019 -0.003 -0.017 -0.005
(0.019) (0.019) (0.017) (0.017)

LEVUS,t 0.036 -0.005 0.023 -0.009
(0.024) (0.024) (0.022) (0.023)

STBUS,t 0.005 0.008 0.007 0.009
(0.009) (0.009) (0.009) (0.009)

LTDUS,t 0.017* 0.013 0.016* 0.012
(0.009) (0.009) (0.008) (0.008)

∆CoV aR
EU |US
t−1 0.695*** 0.674*** 0.807*** 0.796***

(0.005) (0.006) (0.007) (0.008)
V aRUSt 0.262*** 0.198***

(0.032) (0.025)
Industry 0.005 0.005

(0.005) (0.005)
Constant -3.083*** -2.573*** -3.319*** -2.330***

(0.325) (0.340) (0.315) (0.324)
Time Fixed Effect yes yes yes yes
Bank Fixed Effect yes yes

Observations 8,062 8,062 8,062 8,062
N of bilateral relationships 493 493 493 493
Adj. R-squared 0.744 0.750 0.902 0.903

Notes: The table reports the coefficients from gravity equations for the impacted European banks with

5% ∆CoV aR
EU |US
t as dependent variable. Columns 1-2 present the results of the bilateral fixed effect

panel regressions. Columns 3-4 contain regression outputs for the model estimated using a random effect

estimator. All specifications include time effects. Bank-pair clustered standard errors in parentheses. *

denotes significance at 10% level, ** denotes significance at 5% level, *** denotes significance at 1% level.
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Table 6: Gravity Model Estimation Results for U.S. Banks

dependent variable: ∆CoV aR
US|EU
t

Estimation Method: Fixed Effect Random Effect

(1) (2) (3) (4)

SizeUS,t 0.019** 0.027*** 0.016** 0.019***
(0.009) (0.009) (0.007) (0.007)

SizeEU,t -0.026** -0.031*** -0.026** -0.028***
(0.010) (0.010) (0.010) (0.010)

LEVEU,t 0.088*** 0.055*** 0.083*** 0.064***
(0.012) (0.012) (0.011) (0.011)

STBEU,t 0.007* -0.005 0.004 -0.004
(0.004) (0.003) (0.003) (0.003)

LTDEU,t -0.013*** -0.015*** -0.016*** -0.019***
(0.003) (0.003) (0.003) (0.003)

∆CoV aR
US|EU
t−1 0.762*** 0.534*** 0.861*** 0.791***

(0.006) (0.014) (0.007) (0.014)
V aREUt 0.646*** 0.360***

(0.029) (0.028)
Industry 0.002 0.004

(0.003) (0.004)
Constant -1.216*** -0.024 -0.957*** 0.195

(0.175) (0.191) (0.181) (0.174)
Time Fixed Effect yes yes yes yes
Bank Fixed Effect yes yes

Observations 8,201 8,201 8,201 8,201
N of bilateral relationships 506 506 506 506
Adj. R-squared 0.927 0.947 0.951 0.956

Notes: The table reports the coefficients from gravity equations for the impacted U.S. banks with 5%

∆CoV aR
US|EU
t as dependent variable. Columns 1-2 present the results of the bilateral fixed effect panel

regressions. Columns 3-4 contain regression outputs for the model estimated using a random effect estima-

tor. All specifications include time effects. Bank-pair clustered standard errors in parentheses. * denotes

significance at 10% level, ** denotes significance at 5% level, *** denotes significance at 1% level.
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