


1 Introduction

In the last thirty years, financial systems in the world have undergone considerable changes. One of the
major developments in recent years in the banking industry has been the dismantling of the legal barriers
to the integration of distinct financial services and the subsequent emergence of financial conglomerates.
In Europe the Second banking Directive of 1989 allowed banks to combine banking, insurance and other
financial services under a single corporate umbrella. Similar deregulatory initiatives took place in the
US, by means of the Gramm-Leach-Bliley Act of 1999. These deregulations resulted in an expansion

in the variety of activities and financial transactions that banks engaged in.

Most of the existing research addressing the issue of the optimal scope of financial corporations takes an
industrial organization approach (in accordance with the literature on non-financial corporations) and
analyzes whether financial conglomerates create or destroy value (see e.g. Laeven and Levine, 2007;
Schmid and Walter, 2007). However, while diversification of activities may create an enormous impact
on firms’ valuations, for instance in terms of transaction costs or access to capital; for financial corpo-
rations the risk aspect is at least as important (if not more). Accordingly researchers started studying
whether functional diversification reduces bank risk, by investigating the optimal scope of financial cor-
porations from a portfolio perspective (see e.g. Baele et al., 2007; Stiroh, 2006). We contribute to the
empirical literature on the optimal scope of financial corporations by addressing a third perspective, that
of financial stability. Prudential supervisors are concerned with extreme bank risk, which may threaten
banking system stability. These banking sector supervisors and central banks monitor the entire banking
system (of a certain country/region) and can be viewed as holders of a portfolio of banks. Their main
interest is in maintaining and protecting the value of their portfolio in times of market stress. That is,
regulators are especially interested in the frequency and magnitude of extreme shocks to the system,
which threaten the smooth functioning (and ultimately the continuity) of banks. However, not all banks
need to contribute equally to the risk profile of the supervisor’s portfolio and the stability of the banking
system. Differences in risk may stem from diversity in the organizational design of banking firms. In
this paper, we focus on how divergent strategies toward specialization and diversification of financial

activities affect the ability of banks to shelter from adverse economic conditions.

A crucial input in the analysis is our measure of extreme bank risk during adverse economic condi-
tions. We measure banking system stability and the extreme systematic risk profile of listed European
banks over different time periods using recently developed techniques (Hartmann et al., 2006 and Straet-

mans et al., 2008). More precisely, we estimate the probability of crashes in bank stocks, conditional
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on crashes of a market factor (in casu, a European stock market index). The choice of this measure is
determined by two empirical stylized facts on banking panics. First, historically, banking panics oc-
curred when depositors initiated a bank run. Fortunately, true banking panics and associated bank runs
by depositors appear to be (almost) history in developed countries (as a result of the development of
central banks and deposit insurance schemes). Nevertheless, banks still need to be monitored carefully.
In more recent periods, they face a stronger disciplining role by stock market participants. As a con-
sequence, equity and bond market signals are good leading indicators of bank fragility (Gropp et al.,
2006). Second, Gorton (1988) and Kaminsky and Reinhart (1999) document that most banking panics
have been related to macroeconomic fluctuations rather than to prevalent contagion or *mass hysteria’.

Therefore, to capture banking system stability, we measure banks’ extreme systematic risk exposures.

Our research contributes to the banking literature in the following fashion. First, by measuring the
extreme risk profile for all listed European banks over different time periods we document the presence
of substantial cross-sectional heterogeneity and time variation in the co-crash probabilities of European
banks. Second, we are able to attribute a substantial degree of this heterogeneity to bank-specific char-
acteristics. More specifically, we contribute to the debate on the optimal functional scope of (financial)
firms by analyzing the impact of revenue diversity on banks’ extreme risk exposures. Third, we show
that the focus on extreme bank risk and banking system stability provides insights supplementary to the
existing evidence on banks’ riskiness in normal economic conditions. While evidence on the relation-
ships between macro-economic conditions, regulatory variables and banking crises is more widespread,
this paper may help regulators in understanding why some banks are better able to shelter from the

storm.

Our results establish that the shift to non-traditional banking activities, which generate commission,
trading and other non-interest income, increases banks’ co-crash probabilities and thus reduces banking
system stability. Interest income is less risky than all other revenue streams. The estimation results
reveal that other indicators of bank specialization in traditional intermediation corroborate the finding
that traditional banking activities result in lower extreme systematic risk. Banks with a higher interest
margin or higher loans-to-asset ratio are perceived to be less affected by extreme market shocks since
higher values of these ratios reduce banks’ tail betas. Hence, we can conclude that banks that prof-
itably focus on lending activities are less prone to extreme systematic risk than diversified banks. This
questions the usefulness of financial conglomeration as a risk diversification device, at least in times of
stock market turmoil. However, we also document that the extent to which shocks to the various income

shares are correlated matters for overall and extreme bank risk.
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This exclusive focus on the banking sector is warranted. Not only is the banking sector a particularly
important sector for the stability of the financial system (due to their interrelatedness with other types of
financial intermediaries), banks still occupy a crucial spot in every economy. Disruptions in the smooth
functioning of the banking industry tend to exacerbate overall fluctuations in output. Consequently,
banking crises are associated with significant output losses. Hence, preserving banking sector stability
is of utmost importance and the priority task of banking supervisors. In addition, the third pillar of the
Basel II encourages market participants, rather than regulators, to contribute to the assessment of the
overall risk position of the bank. From this perspective, a more complete and coherent disclosure of the
different revenue streams may further facilitate a better understanding of the risk exposures of differ-
ent institutions. Finally, since large banks are more exposed to European-wide shocks, their prudential
supervision needs to take that feature into account. In Europe, increasing banking sector integration
initiated by directives that led to the single market for financial services further complicates the tasks
of national and supranational supervisors. This will be even more the case when banks further increase
their cross-border activities. For the locally operating banks, supervision at the country level should

suffice to assess the implications of their risk profile.

The following section reviews relevant literature on the risk-taking incentives of financial conglomer-
ates and the impact of revenue diversity on bank risk. In Section 3, we discuss the sample composition.
The next section describes the methodology to measure banks’ co-crash probabilities and presents the
estimates of banks’ tail-3. The subsequent section, Section 5, is divided into three subsections. The first
subsection introduces the results for the drivers of heterogeneity in extreme bank risk. In a panel set-up,
we relate the co-crash probabilities to different types of financial revenues and other bank-specific con-
trol variables. The second subsection deals with refinements on the panel data set-up and robustness of
the baseline regression. We show that the results are not driven by reverse causality or particular events
(such as M&As, IPOs, delistings or banking crises) that may create a sample selection bias. Subsection
5.3. documents that the information content of the tail beta differs significantly from the information
contained in central dependence measures (such as the traditional beta or the correlation between bank

stock returns and market returns). Section 6 concludes with policy implications.

2 Revenue diversity and bank risk: selected literature

Most of the theoretical and empirical literature that studies the effects of combining different activities
in one umbrella institution focus on the performance aspect. This exclusive focus on the benefit or

discount that conglomeration creates, can be justified for non-financial corporations. However, the risk
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aspect is at least as important, if not more, for financial corporations. Unfortunately, little theoretical
guidance exists on the impact of diversified revenue streams on the risk-taking behavior of financial
institutions. The main sources of the potential risk-reducing effects of revenue diversity are the ex-
tent of correlation between different activities (Dewatripont and Mitchell, 2005) and the organizational
structure of the conglomerate (Freixas et al., 2007). Wagner (2007) documents that diversification at
financial institutions entails a trade-off. Functional diversification may reduce idiosyncratic risk, but
also makes systemic crises more likely.

A number of authors empirically identify the impact of combining different financial activities on
a bank’s risk profile during normal economic conditions. We briefly review the existing empirical evi-
dence on the relationship between revenue diversity and bank risk in normal conditions. Evidence for the
US! documents that in the nineties securities and insurance activities both had the potential to decrease
conglomerate risk, but the effect largely depends on the type of diversifying activities that bank hold-
ing companies undertake. Expanding banks’ activities may reduce risk, with the main risk-reduction
gains arising from insurance rather than securities activities (see e.g. Kwan and Laderman, 1999 and
Saunders and Walter, 1994). However, these arguments are contradicted somewhat by more recent find-
ings (DeYoung and Roland, 2001; Stiroh, 2004a; Stiroh, 2004b and Stiroh and Rumble, 2006). For the
US, studies using accounting data suggest that an increased reliance on non-interest income raises the
volatility of accounting profits without raising average profits significantly. There are only small diver-
sification benefits for Bank Holding Companies and the gains are offset by the increased exposure to
more volatile non-interest income activities for more diversified US banks. Results based on US equity
data (Stiroh, 2006) arrive at a similar conclusion. For a sample of US banks over the period 1997-2004,
no significant link between non-interest income exposure and average returns across banks can be es-
tablished. On the other hand, the volatility of market returns is significantly and positively affected by

the reliance on non-interest income.

European banks that have moved into non-interest income activities present a higher level of risk than
banks which mainly perform traditional intermediation activities (Mercieca et al., 2007). Moreover,
risk is mainly positively correlated with the share of fee-based activities but not with trading activities
(Lepetit et al., 2008). Recent research linking the effect of diversification on market-based measures
of performance and riskiness (and the risk/return trade-off) finds that banks with a higher share of non-
interest income in total income are perceived to perform better in the long run (Baele et al., 2007).

However, this better performance is offset by higher systematic risk. Diversification of revenue streams

"'Notwithstanding the fact that the scope for functional diversification has been deregulated earlier and more completely in

Europe, most of the empirical evidence is based on US data.



from different financial activities increases the systematic risk of banks i.e., the stock prices of diversi-
fied banks are more sensitive to normal fluctuations in a general stock market index than non-diversified
banks. Finally, using a worldwide sample, de Nicolo et al. (2004) report that conglomerates exhibit a
higher level of risk-taking than non-conglomerates.

However, regulators are especially interested in the frequency and magnitude of extreme events,
which threaten the smooth functioning of banks. To the best of our knowledge, only Schoenmaker et
al. (2005) take this perspective and analyze the dependence between the downside risk of European
banks and insurers. However, their analysis is limited to 10 banks and 10 insurers. Schoenmaker et al.
(2005) investigate whether the extreme risk profile of artificially mixed pairs differs from the risk profile
of bank-bank combinations. They argue that if the risk profile of both sectors is different, this should
create risk diversification possibilities for financial conglomerates and increase financial sector stability.

To sum up, most of the available evidence identifies relationships between functional diversifica-
tion and bank risk in normal economic conditions. However, it is not so clear how diversified financial
institutions will behave in adverse economic situations and what the overall impact of revenue diversifi-
cation on banking sector stability will be in these circumstances. The remainder of this paper will focus

exclusively on this particular aspect.

3 The sample

Since the purpose of the analysis is to investigate how diversity in bank revenue affects European banks’
extreme systematic risk, we employ both accounting data and stock price information. We combine
information extracted from two data sources. For balance sheet and income statement data, we rely
on the Bankscope database, which provides comparable information across countries. Bankscope does
not provide stock price information on a daily basis; hence we use Datastream to obtain information
on daily stock returns and market capitalization. Matching of both datasets is done based on the ISIN-
identifier (an identification system similar to the CUSIP number in the US and Canada) for the listed
banks. Unfortunately, Bankscope does not provide the ISIN-number for delisted banks. For the delisted
banks, the information from the two datasets is matched using information on some basic accounting
data (e.g. total assets, equity,... which are also provided by Datastream). In a similar fashion, we verified
the matching of the listed banks.

The analysis is carried out for the banks that have their headquarters in one of the countries of
the European Union (before enlargement, i.e. with 15 member states). Our sample consists of both
commercial banks and bank holding companies. The sample period is to a large extent fixed by the

availability of comparable data over time. While Bankscope contains information from 1987 onwards,
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the coverage is only substantial from the early nineties. Therefore, we perform the analysis on the sam-
ple period 1992-2004. The time span of the sample still ensures that it contains periods with different

business cycle conditions and stock market conditions.

We perform a number of selection criteria. First, we only include banks for which we can obtain at
least 6 consecutive years of accounting and stock market information. This restriction is imposed be-
cause we use extreme value analysis to model extreme bank risk. In extreme value analysis, large
samples are needed since only a fraction of the information is used in the estimations. 6 consecutive
years of daily stock prices yield at least 1500 observations, a sample size that is feasible to apply ex-
treme value analysis, though close to the lower bound” of the existing applications in finance. Second,
following common practice in the finance literature, we impose a liquidity criterion on the stock returns.
The rationale is that infrequently traded stocks may not absorb information accurately. We measure lig-
uidity by the number of daily returns that are zero. However, in this analysis we can be rather mild
on the imposed liquidity criterion. We only disregard stock if more than 60% of the daily returns are
zero returns. Hence, we assume that although these bank stocks are very illiquid, their non-zero returns
most likely reflect important, extreme events that are informative for our purposes. Moreover, their zero
returns will not affect our estimates of extreme risk, since the tail of the distribution will still contain
the extreme movements in banks’ stock prices.

Due to delisting, IPOs and mergers and acquisitions, our dataset is unbalanced. Some banks are
only listed for 6 years whereas others have been operational and listed for a longer period. Comparing
banks’ behavior and risk profile is only sensible if each bank’s characteristics are measured over the
same time interval. One possibility is to consider only those banks that are active (and listed) over the
entire period. However, in this case, useful information on the other banks is neglected and may induce
a selection bias. We opt for a different approach. We measure banks’ extreme systematic risk exposures
over moving windows of 6 years. The first period covers the years 1992-1997. In each subsequent
subsample, we drop the observations of the initial sample year and add a more recent year of data.
Since the sample period spans 13 years, we obtain 8 rolling subsamples of 6 years. Hence, at each point
in time, we can meaningfully compare the cross-sectional differences in banks’ risk profile. In general,

the composition of the bank set will be different in each subperiod.

2We also perform the analysis on moving subsample of 8 years. The results are very similar.



4 A stock market-based measure of bank stability

As the stock market moves, each individual asset is more or less affected. The extent to which any asset
participates in such general market moves, determines that asset’s systematic risk. In general, system-
atic risk is measured using a firm’s beta and is computed by dividing the covariance between the firm’s
stock returns and the market return by the variance of the market returns. However, firms’ exposure to
systematic risk need not be constant over time (see e.g. Ferson and Harvey, 1991; Ferson and Kora-
jezyk, 1995; Jagannathan and Wang, 1996; and more recently Santos and Veronesi, 2004). In particular,
systematic risk exposures may vary over the business cycle or will be different in normal times versus
times of market turbulence. While the combination of correlation-based methods and assuming multi-
variate normality may yield acceptable results for central dependence measures, there exists abundant
evidence that marginal and joint distributions of stock returns are not normally distributed, especially in
the tail area. This might be solved by modelling the tail behavior with fat-tailed distributions. However,
this requires distributional assumptions or knowledge on the underlying return processes. Choosing the
wrong probability distribution may be problematic since correlations are non-robust to changing the
underlying distributional assumptions of the return processes (Embrechts et al., 1999). Moreover, many
of the multivariate distributions lead to models that are non-nested, which cannot be tested against each
other. Extreme value analysis overcomes these problems. It enables to estimate marginal and joint tail

behavior without imposing a particular distribution on the underlying returns.

In mathematical terms, we are interested in the following expression: P(X > z | Y > y). This ex-
pression capture the conditional probability that the return on one asset, X, exceeds a certain threshold
x conditional on observing that the return on another asset, Y, exceeds y. This conditional probability
reflects the dependence between two return series X and Y. We adopt the convention to take the nega-
tive of the return when outlining the methodology. « and y are thresholds in the tail of the distributions,
such that they correspond with situations of large losses. In general, z and y may differ across stocks
(especially in our analysis where Y is the return on a portfolio and X is the return on a single stock),
but we impose that they correspond to outcomes that are equally (un)likely to occur. That is, the uncon-
ditional probability that an asset crashes equals p = P(X > z) = P(X > Q.(p)) = P(Y > Qy(p)),
where ), and @), are quantiles.

The conditional co-crash probability can be rewritten as:

(X > Qu(p),Y > Qy(p))
P(Y > Qy(p))

In general, X and Y can be the returns generated by any kind of asset. However, if the conditioning
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asset Y is a broad market portfolio, the conditional probability can be seen as a tail extension of a re-
gression based (3 obtained in classical asset pricing models. The resulting co-crash probabilities provide
an indication of systematic risk during crisis periods. Hence, an asset’s co-crash probability with the
market, P(X > Q.(p) | Y > Q,(p)), will be labelled tail-3 (Stractmans et al., 2008).

To obtain the tail-3, we only need an estimate of the joint probability in the numerator. The denom-
inator is determined by p. We implement the approach proposed by Ledford and Tawn (1996). This
approach is semi-parametric and allows both for asymptotic dependence and asymptotic independence?.
Hence, we can avoid making (wrong) distributional assumptions on the asset returns. This approach has
recently been used in the finance literature by Poon et al. (2004), Straetmans et al. (2008) and Hartmann
et al. (2006).

The joint probability is determined by the dependence between the two assets and their marginal
distributions. In order to extract information on the (tail) dependence, we want to eliminate the impact
of the different marginal distributions. Therefore, we transform the original return series X and Y to
series with a common marginal distribution. If one transforms the different return series to ones with a
common marginal distribution, the impact of marginals on the joint tail probabilities is eliminated. This
means that differences in the conditional crash probabilities of banks are purely due to differences in
the tail dependency of extreme returns. The empirical counterpart of transforming the stock returns to
unit Pareto marginals* is based on the following equation:

= n+1

Xi=—— 2
n+1— Ry, )

where ¢ = 1, ...,n and Ry, is the rank order statistic of return X;. Since )?Z- and }Z have the same
marginal distribution, it follows that the quantiles Qz(p) and Q(p) now equal ¢ = 1/p.
The transformation of the return series affects the numerator of the co-crash probability as follows:

P(X > Q.(p),Y > Qu(p) = P(X > ¢,Y > ¢) = P(min(X,Y) > q) 3)

Hence, the transformation to unit Pareto marginals reduces the estimation of the multivariate prob-
ability to a univariate set-up. The univariate exceedance probability of the minimum series of the two

stock returns, Z = min(f( , }7), can now be estimated using techniques that are standard in univari-
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ate extreme value analysis’. The only assumption that has to be made is that the minimum series

3 Asymptotic dependence means that the conditional tail probability defined on (X,Y") does not vanish in the bivariate tail.

With asymptotic independence, the co-exceedance probability decreases as we move further into the bivariate tail.
4Qther transformations are also feasible. Poon et al. (2004) transform the return series to unit Fréchet marginals.

3In the remainder of this section, we still use Z to refer to the return series. In our specific case, Z is the series created by
taking the minimum of X and Y. Note, however, that Z may also be the return series of a single (untransformed) stock if one

wants to model unconditional tail risk.



Z = min(X,Y) also exhibits fat tails.
Univariate tail probabilities for fat-tailed random variables can be estimated by using the semi-

parametric probability estimator from De Haan et al. (1994):

Zn—mn a
Pi=PZ>q) =" (q) O

Zp—m,n s the “tail cut-off point”, which equals the (n — m)th

ascending order statistic, in a sample of
size n, of the newly created minimum series Z. The advantage of this estimator is that one can extend
the crash levels outside the domain of the observed, realized returns. Note that the tail probability
estimator is conditional upon the tail index « and a choice of the number of tail observations used,
m. This tail index captures the decay in the probability with which ever more extreme events occur

(jointly). A relatively high tail index corresponds with a relatively low probability of extreme events.

The tail index « is traditionally estimated using the Hill estimator (1975):

-1

o vE (Zaa
a(m) = - jgo In (Zn—m,n> %)
In this equation, Z,,_; , denotes the (n — j)-th ascending order statistic from the return series
Z1, ..., Zy. The parameter m is a threshold that determines the sample fraction on which the estimation
is based (i.e. the number of extreme order statistics that are used). This parameter is crucial. If one
sets m too low, too few observations enter and determine the estimation. If one considers a large m,
non-tail events may enter the estimation. Hence, if one includes too many observations, the variance of
the estimate is reduced at the expense of a bias in the tail estimate. This results from including too many
observations from the central range. With too few observations, the bias declines but the variance of
the estimate becomes too large. Asymptotically, there exists an optimal m at which this bias-variance

trade-off is minimized.

A number of methods have been proposed to select m in finite samples. First, a widely used heuristic
procedure in small samples is to plot the tail estimator as a function of m and selecting m in a region
where @ is stable (this procedure is usually referred to as the Hill plot method). Next to being arbitrary,
this is difficult to implement if one considers many stock returns. A second option is to determine the
optimal sample fraction, m, using a double bootstrap procedure (Danielsson et al., 2001). However, this
procedure requires, in general, samples that are longer than the one we observe (and it requires heavy
computing power).

We apply a third method, which directly estimates a modified Hill estimator that corrects for the

bias/variance trade-off (Huisman et al., 2001). Huisman et al. (2001) employ the observations that the
10



bias is a linear function of m and that the variance is inversely related to m. The modified estimator
extracts information from a range of conventional Hill estimates, which differ in the number of tail
observations included. Weighted least squares is then used to fit a linear relationship between a(m)
and m, with the weights proportional to m. The intercept of that regression yields an unbiased estimate
of the tail index. Note that, by using a large number of values of m, this bias-corrected method is
designed to reduce sensitivity to the single choice of m required by the Hill procedure. A drawback of
this method is that it only provides an unbiased measure of the tail index without specifying the optimal
sample fraction m. However, this info is still needed to compute the univariate crash probabilities py.
Therefore, after estimating the optimal &, we perform an automated grid search to find a stable region
in the Hill plot that is as close as possible to the optimal tail index. m is then taken as the midpoint from
this region.

Combining equations (1), (4) and (5) allows computing the extreme systematic risk measure, tail-(3:

% (anm,n)a

TAILg =
pl—a

(6)

We will estimate this tail-{3 for listed European banks observed over multiple time periods to get an

indication of the time evolution and the cross-sectional dispersion in bank’s extreme risk sensitivity.
Measuring extreme systematic risk: results

We are interested in assessing the extent to which individual banks are exposed to an aggregate shock,
as captured by an extreme downturn of the market risk factor. The market risk factor is captured by a
broad European stock market index. For each bank stock (as well as the market factor), we calculated
daily returns as the percentage changes in the return index. All series are expressed in local currency to
prevent distortion by exchange rate fluctuations.

Before showing the estimated co-crash probabilities, we provide insight in the severity of the events
that we are modelling. That is, we first report the unconditional Value-at-Risk levels or quantiles asso-
ciated with a certain probability p. The lower the probability, the more extreme are the situations we
consider. We set the crash probability level p at 0.04%. Given that we are using daily data, a proba-
bility of 0.04% corresponds to a situation that occurs on average once every 10 years (= (250 - p)~1).
Doing so, we exploit one of the main benefits of modelling the entire tail of the (joint) distribution. We
are looking at events that happen less frequently than the observed sample length. We summarize the
findings on the unconditional Value-at-Risk levels in Table 1. In order to get these crash magnitudes,
we first estimate the tail index for each individual series using the modified Hill estimator, Eq. (5) (Z

is now a simple return series). The magnitude of the daily loss for a given probability level can then be
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obtained using the inverse of Eq. (4), thatis § = Z,_,, », (pﬂn) . Hence, lower probability events will
cause an increase in the absolute value of the crash level, whereas events that occur more frequently (at

least in terms of extreme value analysis) will lead to lower crash magnitudes.

Table 1 consists of three panels. Panel A contains information on the extreme losses of the Euro-
pean market index for eight (overlapping) time periods of 6 years. The first block of six years covers the
period 1992-1997, the last period runs from 1999 to 2004. The first row reports the observed maximum
daily loss in each six-year time period. The second line contains information on the estimated daily loss
that happens with a probability of 0.04%. The estimated daily return fluctuates in the range of —4.6%
and —6.9%. It is the lowest (in absolute value) in the first period. From the second period onwards, the
turbulent year 1998 enters the moving window. The magnitude of the estimated daily crashes (as well
as the observed minimum) increases (in absolute value). The relatively benign stock market conditions
of 1999 and 2000 helped in mitigating the extreme losses. As a consequence the expected daily loss
associated with an event that happens once every 10 years decreased from —6.5% to —5%. However,
the (minimal) severity of a crash, which is expect to occur once every ten year, increases again from
2001 onwards to reach —6.9% in 1998-2003. The periods 1997-2002 and 1998-2003 are the periods
with the largest extreme market risk in the sample. Note that in all but one period, the estimated daily
crash is worse than the observed minimal daily return. This is due to looking at events that are less
frequent than the moving window of 6 years.

Panel B contains information on the time evolution as well as the cross-sectional dispersion in the
daily losses of European bank stock returns that happen with a probability of 0.04%. The rows in panel
B provide information on the variation in the Value-at-Risk across banks at each time span we consider.
We report several percentiles as well as the mean and the standard deviation. The last row contains the
number of banks we observe in that particular period. Again, we report the results in eight columns,
one for each moving time frame of 6 years over the period 1992-2004. The median crash magnitude
of the bank stocks exhibits a similar time pattern as the VaR of the European stock market index. A
first peak is reached over the period 1993-1998. In this period, the daily loss in market value associated
with a 0.04% probability event exceeded 11.7% for half of the banks in the sample. In five of the eight
periods under consideration, the median daily VaR was also lower or equal to —11%. The mean VaR is
almost always larger (in absolute value) than the median VaR and the gap between the two is higher in
the initial sample years. Similar information can be extracted from the standard deviation. The standard
deviation is indicative for the cross-sectional dispersion. The standard deviation has decreased from
values around 0.08 to less than 0.04. This is caused both by a decrease in the crash magnitude of the

riskiest banks and an increase in the riskiness of the (unconditionally) safest banks.
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Panel C of Table 1 is constructed in a similar fashion as panel B and presents the expected shortfall.
The expected shortfall is the average amount that is lost in a one-day period, assuming that the loss
is lower than the 0.04'" percentile of the return distribution. The median expected shortfall fluctuates
around daily losses of 15%, but there are large differences across banks.

The comparison of the estimated VaR (and the expected shortfall) of the European index (reported
in panel A) and the mean (or median) crash level (expected shortfall) of the bank stock returns, shows
that most bank stocks have a higher downside risk potential than the European index. This need not be
surprising, since we are comparing losses on a single asset with losses on a broad portfolio. The mean
daily crash level is almost twice the VaR of the European index. When looking at the percentiles over
the different time periods, we observe that, in almost all time periods, 90% of the banks may fear a
larger drop (expected shortfall) in its stock price than the equally unlikely crash (expected shortfall) in
the stock market. In the remainder of the paper, we investigate the properties and drivers of co-crash
probabilities between bank stock returns and market returns. In general, we will be interested in events

that are as severe as the value-at-risk and expected shortfall figures reported in Table 1.

Table 2 contains information on the estimated tail-5 or co-crash probabilities. The table is structured in
a similar fashion as panel B of Table 1. The different columns report values for various moving windows
of 6 years. The first column covers the period 1992-1997. In subsequent columns, we always drop the
first year of the sample and add another year at the end. The last subsample we consider is 1999-2004.
The different lines in Table 2 provide an indication of the cross-sectional dispersion in the extreme sys-
tematic risk of the listed European banks. For each subsample, we report various percentiles, the mean
and the standard deviation. The reported values are percentages. Hence, the mean of the European
banks’ tail-/3 in the first period indicates that there is a 9.02% probability that a European bank’s stock
price will crash, given that the market as a whole crashes. To put it differently, given that there is a
large downturn in the market index, on average one out of 11 banks will experience an equally unlikely
extreme stock price decline on that day. Recall that the level of the crashes need not be the same for
the bank stock return and the conditioning asset (the European index). We rather look at crashes that
have a similar probability of occurrence (set at 0.04%). In order to get some intuition in this number, it
is interesting to relate this conditional probability to the results reported in Table 1. Given that there is
a market correction in the European index of 4.6%, there is a 9% probability that the European banks
will be confronted with an average fall in their share price of 11.6%.

The first and last column reveal that extreme systematic risk is quite similar in both subsamples.
Both the distribution and the level of the tail-Os are roughly the same in the periods 1992-1997 and

1999-2004, with mean tail-gs around 9%. Nevertheless, in the intermediate periods, the dispersion
13



and the level fluctuate largely. The mean tail-5 almost doubles in the second subperiod. In three of
the 8 subperiods, the co-crash probability exceeds 16%. Moreover, Table 1 shows that in these three
periods, the unconditional VaR was also higher. Hence, not only is the co-crash probability larger, the
magnitude of the crash would be more severe as well. In the other periods, the mean value of banks’
extreme systematic risk approximates 10% or more. In each subsample, there is a lot of cross-sectional
heterogeneity. The inter-quartile range (the difference between the 25th and 75th percentile) fluctuates
over time but is always larger than 13%. In some subperiods, the range is even 20%. Furthermore, the
mean tail beta exceeds the median at each point in time. This indicates that the distribution of the tail
betas is skewed. It seems that many banks have low probabilities and are thus only moderately vulner-
able to aggregated shocks. In fact, in each period, some banks have a tail-3 (with respect to a broad
European index) below 0.04%, which is the unconditional crash probability. This means that these bank
stocks crash independently of the stock market. Finally, Hartmann et al. (2006) report a mean tail-5 of
19.4% for the 25 largest Euro-area banks. This is substantially higher than the mean tail- we obtain in

each subperiod. This is already a first indication that larger banks will have higher co-crash probabilities.

The estimated co-crash probabilities provide insights in the dependence of events that happen with a
certain probability p. In this section and in the remainder of the paper, we model very extreme events
that happen with a probability of 0.04%. Given that we are using daily data, a probability of 0.04%
corresponds to a situation that occurs on average once every 10 years. The probability of the event obvi-
ously affects the severity. More likely events are associated with less severe crashes. How does the level
of p affect the tail-3? This depends on the estimated tail dependence coefficient (the tail index « of the
joint tail). Asymptotic dependence (o = 1) implies that the conditional tail probability converges to a
non-zero constant. However, asymptotic independence (v > 1) results in vanishing co-crash probabili-
ties in the joint tail. In our sample, both asymptotic dependence and independence are present. Hence,
for the latter, the tail-3 will be larger for less extreme events. For example, setting the crash probability
at p=0.001, a level corresponding to the Basel II guidelines, results in less severe events but higher
co-crash probabilities. In the remainder of the paper, we relate co-crash probabilities to bank-specific
characteristics. We fix p at 0.04%. Nevertheless, we also experimented with probabilities in the range
of [0.0001, 0.04], resulting in events that happen as infrequently as once every 40 years to yearly events.

All reported results with respect to the determinants of tail risk are similar.
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5 The impact of revenue diversification on banking system stabil-
ity

Table 2 reveals that the tail-8s can be quite different across banks and over time. This observation
is of interest to bank supervisors who care about overall banking sector stability. However, next to
knowing the evolution as well as the dispersion, it is even more interesting to get insight into the potential
drivers of banking system stability. The drivers of cross-sectional heterogeneity in conditional crash
probabilities are analyzed by relating the latter to bank-specific variables. We have to take into account
that the dependent variable is a probability. In such a case, the model E(T'AILg|X) = X[ does
not provide the best description of E(T'AILg|X ). Since the observations are constrained within the
unit interval, [0, 1], the effect of X on T'AILg cannot be constant over the range of X. Moreover, the
predicted values from an OLS regression can never be guaranteed to be bound in the unit interval. In
order to obtain that the fitted values after a comparative static analysis also result in probabilities, we
need to employ a generalized linear model (Papke and Wooldridge, 1996; Kieschnick and McCullough,
2003),

E[TAILg|XB] = g(XP) )

where g(.) is a link function such that g(X 3) is constrained within the unit interval. A natural candi-
date for the link function is the logistic transformation, g(X ) = %, also labelled the log odds
ratio®. The independent variables, X, are averages over a six-year interval to match the time interval
over which the dependent variable is estimated. We apply robust regression techniques’ to control for

outliers in the dataset. Moreover, in each regression, we include time dummies as well as country fixed

effects to control for unobserved heterogeneity® in a given period or at the country level. Furthermore,

SNext to the logistic transformation, we also consider other appropriate transformations such as the probit and the (comple-
mentary) log-log link functions. The results are largely unaffected. All specifications yield a similar fit and statistical tests cannot
discriminate in favour of a specific link function. We follow common practice and opt for the logistic link function. This link

function is used most frequently when explaining fractional response variables.
7We employ an iteratively reweighted least squares method. In the initial iterations, Huber (1981) weights are used. In a

second set of iterations biweights are employed. This combination of weighting schemes optimally combines the merits of both

methods. They are: dealing with extreme outliers and fast convergence.
8We could also interact the time and country dummy to absorbs the entire impact of variables that equally affect all banks

in a country in a given period. These variables could be: the macro-economic environment, the regulatory framework, the
corporate default rate. However, some of these variables (especially regarding the regulatory framework) are not available over
the period 1992-2004. Neglecting them may create an omitted variable bias. Interacting both dummy variables does not affect
the coefficients of interest (or their significance).

We did not include bank-specific fixed effects, which correspond to de-meaning the variables at the bank level. However,

low variability in the de-meaned values of the independent variables makes it more difficult (if not impossible) to estimate the
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the pooling of cross-sectional and time-series data induces that multiple observations on a given bank
are not independent. Therefore, a robust estimation method that controls for groupwise heteroscedas-
ticity is used. We cluster the standard errors at the country level’. Finally, for many banks, we obtain

observations for several, but not all, subperiods, which result in an unbalanced panel.

We are primarily interested in knowing how different financial activities affect banking system sta-
bility. Since the Second Banking Directive of 1989, banks are allowed to operate broad charters by
diversifying functionally. Diversified banks provide a broad array of financial services, from granting
loans, underwriting and distributing securities and insurance policies, managing mutual funds and so on.
Unfortunately, detailed data on banks’ exposure to each of the aforementioned activities is in general
not available. However, a pragmatic definition of functional diversification is used. More specifically,
we will focus our analysis on the differential impact that different revenue sources may have on banks’
extreme systematic risk exposures. Total operating income is divided into four revenue classes. They
are: net interest income, net commission and fee income, net trading income and net other operating
income. These sources of non-interest income capture all income from non-traditional intermediation.
Moreover, this publicly available information is the basis for analysts and investors to assess the long-
term performance potential and risk profile of a bank.

The baseline regression is specified as follows:

Xp = c+ ByNet Commission Income + By Net Trading Income ®)
+35Net Other Operating Income + S, HHIppyv + BsHHInoN

+0pam rev T X7

coefficients and establish significant relationships. If the variance is low, these regressions may contain very little information

about the parameters of interest, even if the cross-sectional variation is large (Arellano, 2003).
9The panel data at hand have three dimensions. This may result in residuals that are correlated across observations, which

will cause OLS standard errors to be biased. Following Petersen (2008), we experiment with various cluster options: (i) unclus-
tered, White standard errors; clustered standard errors at (ii) bank (iii) time or (iv) country level; clustering in two dimensions
respectively (v) the bank and time dimension (vi) and the country and time level.

The standard errors obtained after clustering at the country level are much larger than the White standard errors and in general
higher or almost equal to the standard errors obtained when clustered at the bank level. The importance of the time effect (after
including time dummies) is small in this data set. Standard errors clustered at the time dimension are not higher than unclustered
ones. Moreover, when we cluster the errors in two dimensions (bank-time or country-time), they are almost identical to the
standard errors clustered only by the corresponding cross-section level (bank or country). An alternative way to estimate the
regression coefficients and standard errors when the residuals are not independent is the Fama-MacBeth approach (Fama and
MacBeth, 1973). The adjusted Fama-MacBeth standard errors are higher than the unadjusted. However, in general, they do not
exceed the standard errors obtained when we cluster at the country level.

From this, we conclude that clustering the standard errors in the country dimension is quite important.
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We distinguish banks based on their observed revenue mix. Each type of revenue is expressed as
a share of total operating income. As a result, the shares of net interest income, net commission and
fee income, net trading income and net other operating income sum to one. Therefore, the share of net
interest income is left out of the regression equation. Hence, a significant coefficient on any other share
(61, B4, B3) means that these activities contribute differently to banks’ extreme systematic risk than
interest-generating activities. Following Mercieca et al. (2007) and Stiroh (2004b), we also account for
diversification between major activities (interest income and non-interest income, H H Ipgy) as well
as within non-interest activities (HHInon). HHIrgy and H HInon are Herfindahl Hirschmann in-
dices of concentration, where higher values of the index corresponds with more specialization in one of
the constituent parts. Next to the specific source of revenue and the distribution of the revenue streams,
we also examine the impact of the correlation between the various revenue streams and extreme sys-
tematic risk. In a similar spirit as Stiroh (2004a), we compute bank-specific correlations between the
growth rates of each pair of the revenue streams (represented by the vector p; 1, rgy in Eq.(8)). Hence,
we include six correlation measures that capture whether a given bank’s shocks to one type of income

are typically accompanied by similar shocks to another type of income.

Next to investigating the impact of revenue diversity, we also include a number of other bank-specific
characteristics, X. Summary statistics on the accounting variables are reported in Table 3. The control
variables capture strategic choices made by bank managers that may affect a bank’s risk profile. The
capital buffer measure is included to incorporate the possibility that better capitalized institutions may
be less susceptible to market-wide events. We also take into account differences in bank efficiency
by including the cost-to-income ratio. Finally, bank size and bank profitability are also included. We
include (the log of) bank size to allow for the possibility that lar