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Abstract

We analyze EU sovereign real-world default probabilities and correla-
tions using a Bayesian GLMM and compare regulatory and economic capital
requirements. The main findings are, first, that capital under the Basel Inter-
nal Ratings Based Approach (IRBA) is by a factor between 2.6 and 9.5 higher
than under the Standardized Approach (SA), depending on the method for
estimating the probability of default. This divergence is mainly driven by
zero capital charges for highly rated securities under the SA. Second, under
the Bayesian model, Basel IRBA capital is roughly equivalent to economic
capital using the Expected Shortfall at a 97.5% confidence level. Third, the
results suggest that the zero risk weights under the SA are not consistent
with economic risk and offer opportunities for regulatory arbitrage.
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1 Introduction

The risk of sovereign debt has been an important issue for academics, practition-
ers and politicians, particularly due to the emergence of the European sovereign
debt crisis. As a consequence, politicians and regulators have recently paid at-
tention to monitor and regulate sovereign debt holdings more closely. The Basel
Committee on Banking Supervision initiated a review of the regulatory rules of
sovereign risk in their working program for 2015-16, see Basel Committee on
Banking Supervision (2016), which resulted in a discussion paper in 2017, see
Basel Committee on Banking Supervision (2017).

Particularly, the regulatory standardized approach (SA) has been criticized,
because banks holding highly rated sovereign debt require zero capital for
these holdings under the SA!, which can be viewed as a subsidy of government
debt and a form of ‘financial repression’, see Hannoun (2013). The recent
European debt crisis has given rise to the conjecture that these risk weights are
not consistent with real risk and sovereign risk should be handled with care.
This is even more important as a divergence between regulatory capital and
real economic risk might be exploited by banks via regulatory capital arbitrage,
see Jones (2000), thereby putting a bank into a riskier position while, at the
same time, lowering her regulatory capital. An alternative to the SA in Basel
II/111 is the Internal Ratings Based Approach (IRBA). Under the IRBA banks
have to estimate the probability of default (PD) for all debtors. This, however,
requires a proper risk analysis and sound statistical estimation methods which
are challenging because historical samples of defaulted sovereigns are scarce.
The aim of this paper is to provide such a risk analysis of EU sovereign debt and
to compare regulatory and economic capital approaches.

Most papers which analyze sovereign debt risks focus on their (i) dynamics,
(ii) their drivers, and (iii) their implied default probabilities using data from
sovereign bond yields or Credit Default Swap (CDS) spreads. Among others,
Attinasi et al. (2009) use a dynamic panel model for explaining the widening of
bond yield spreads during the European sovereign debt crisis and relate them to
fiscal fundamentals. Hilscher and Nosbusch (2010) examine emerging markets
sovereign CDS spreads with respect to macroeconomic variables. They find
significant country fundamentals, such as the volatility of terms of trade, as
significant variables and estimate default probabilities which provide explana-
tory power out-of-sample. Beirne and Fratzscher (2013) analyze advanced and
emerging markets sovereign CDS spreads and find fundamentals as drivers for

!The Basel 11T standards even allow banks under the SA to reduce the risk weight for sovereign
debt to zero when the default risk is appropriately small or national supervisory authorities
permit this for dominated and funded exposures in home currency (Basel Committee on Banking
Supervision (2006), p.20).



the increase in spreads during the European sovereign debt crisis. A related
stream of literature focus on correlation and contagion between sovereign CDS
spreads. Longstaff et al. (2011) use sovereign debt CDS spreads for advanced and
emerging countries and find high commonality in the spreads indicating that
sovereign credit risk is mainly driven by global factors and that these are more
linked to the default risk component than the premium component. Beirne and
Fratzscher (2013) find contagion effects for CDS spreads among a few markets.

These and other papers in this area have in common that their analyses are
based on sovereign bond yields or CDS spreads. Yields and spreads are market
based measures for risk and therefore contain investors’ premia for risk aversion.
In other words, risk measures, such as probabilities of default (PDs) which are
estimated from spreads include risk premia (and possibly liquidity premia, see
Nashikkar et al. (2011)) and are therefore based on the risk-neutral probability
measure. While they offer valuable information about the risk structure as
perceived and priced by the market, the risk-neutral measures might be far
off from the real-world measures which are needed in practice for computing
real-world risk, e.g. for purposes of bank regulation where banks’ regulatory
capital is calculated using real-world PDs. Studies which analyze real-world
probabilities are, for example, due to Shumway (2001), Campbell et al. (2008)
and Hilscher and Wilson (2017) using hazard rate or logistic regression models.
However, these papers analyze real-world corporate default risk rather than
sovereign default risk.

Hence, our paper differentiates from earlier literature in that we analyze
EU sovereign debt risks, but using the real-world rather than the risk-neutral
measure. The reason why literature on real-world default probabilities of
sovereigns is scarce is simply because there is not much historical data, particu-
larly sovereign defaults, which are required for estimating a statistical model,
such as a hazard rate or logistic regression model. However, there are already
approaches existing for estimating default probabilities of such ‘low-default
portfolios’, namely the ‘most prudent estimation principle’ and the Bayesian
approach. Pluto and Tasche (2005) suggest a ‘most prudent’ methodology to
estimate PDs as the frontier of a likelihood band, assuming that the rating grades
have monotonically increasing PDs. Comparable approaches were suggested
by Forrest (2005) and Benjamin et al. (2006). The goal of these approaches is
to estimate PDs even when no or only little defaults are in the sample at hand.
Other approaches which use not only the default information but also migration
events like Hanson and Schuermann (2006) or Fei et al. (2012) need at least a
few defaults to obtain valid PDs.

Another strand in the literature attempts to fix the problem of low defaults
using additional external information outside the estimation sample. Kiefer



(2011) shows that using the likelihood of the data for estimating PDs can yield
implausible and misleading results in low default portfolios. Therefore he
suggests linking observable data to external information given by a prior distri-
bution via Bayesian statistics. In a low default portfolio the specification of the
prior distribution is critical because the information in the estimation sample,
the likelihood, is not very informative. Kiefer (2011) suggests extracting the
prior distribution from expert judgment. Dwyer (2007) uses uninformative and
Kazianka (2016) Jeffreys-style prior densities. In contrast to the former, Orth
(2013) estimates the prior distribution from an additional data set in order to
reduce the personal impact of a researcher or bank manager. As pointed out by
Tasche (2013) the upper confidence bound for the PD of the most prudent ap-
proach could be represented as a special quantile of a Bayesian analysis. Hence,
the most prudent and the Bayesian estimator are consistent with each other.

Our paper makes use of Bayesian statistics and estimates PDs and correlations
for EU sovereigns by a Bayesian Generalized Linear Mixed Model (GLMM), see
McNeil and Wendin (2007). The model allows a comparison of regulatory risk
capital approaches with real-world economic risk and capital of sovereigns.
Using our PD and correlation estimates we compare the regulatory SA with the
IRBA, and both approaches with economic capital measured by the Expected
Shortfall (ES). We find that the SA yields considerably lower risk capital than the
IRBA and the economic approaches. This is mainly due to the zero risk weights
for highly rated sovereigns in the SA. In addition to the lower amount of capital,
the correlations between the SA and the IRBA capital, as well as between the SA
and the economic capital, respectively, are low, which might create incentives
for regulatory capital arbitrage. For banks abandoning the SA and using the
IRBA instead, we find that IRBA capital is sensitive to the way how PDs are
estimated (most prudent vs. Bayesian) and how capital is computed under the
Bayesian method. IRBA capital is roughly consistent in size as well as rank order
to economic capital measured by the ES on a 97.5% level. The results suggest
that the SA should be treated with care - if not abandoned at all - and that
Bayesian methods for PD estimating in low default portfolios, such as sovereign
debt, might be promising.

The rest of the paper is organized as follows. Section 2 describes the data.
Section 3 provides the empirical estimation approach and section 4 shows the
estimation results. In section 5 we analyze regulatory and economic capital
approaches. Section 6 summarizes the results and discusses policy implications.



2 Data

Our empirical analysis is based on long-term issuer foreign ratings of all EURO
zone members from Moody‘s Corporate Bond Default Database. Our estimation
sample contains ratings from 1999, the start of the EURO zone, up to 2015. We
start with 11 sovereign ratings in 1999 and consider 19 in 2015. The analysis is
performed on a yearly basis. Figure 1 shows the annual number of sovereigns
and default rates. There are only two default events, one is Greece in 2012 with
a rating grade of Ca and another is Cyprus in 2013 with a rating grade of B3.?
Due to the low number of sovereigns, the default rate which has been 0% before
2012, jumps to 5.88% in 2012 and 6.25% in 2013.% Thus, in contrast to typical
corporate portfolios with hundreds or thousands of borrowers, the volatility of
the default rate is very large for sovereigns. Figure 2 shows the distribution of
rating grades which is highly skewed to the right. That is, most ratings are Aaa,
followed by Aa and A. At the beginning of the EURO zone in 1999 all members
had a rating grade of Aa3 or better. As to the start of the European debt crises
in 2009, Moody’s substantially downgraded many of the EURO zone members.
Greece was downgraded to Bal in 2010 and was the first member state with a
non-investment grade rating.

3 Empirical Strategy

As we are interested in the real-world risk measures rather than the risk-neutral
ones, we want to make use of the historical data, i.e., rating grades and defaults.
This imposes at least three critical issues. First, the number of observations
per year is very small as the maximum number of rated sovereigns per year is
only 19 in 2015. Second, the number of defaults is very low (only two defaults,
one in 2012 and one in 2013, respectively), that is, the event upon which we
would like to base our estimation, is very rare. In other words, we have a low-
default portfolio. Third, the time series is short, as we only have yearly data
from 1999 to 2015, i.e., 17 yearly observations. It is well known that classical
statistical methods for estimating probabilities using Maximum Likelihood,
such as logistic regression, yield biased parameter estimates in small samples
and sharply underestimate the probabilities for these rare events, see King and
Zeng (2001). This is even worse if not only probabilities are estimated but also
correlations between the events, see Gordy and Heitfield (2009). Thus, more

2Greece defaulted twice in 2012, March and December. As a consequence of our yearly
approach we count one default for Greece only.

3Note that Greece is not part of our estimation sample in 2013 because it was in default at
2013/1/1.
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Figure 1: Number of sovereigns and annual default rate This figure shows
the number of sovereigns (bars) and the default rate (dots and line) per year.
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Figure 2: Distribution of rating grades This figure shows the distribution
of rating grades (full letter ratings) for the entire time period from 1999 to
2015.



information beyond the observed sample data is eligible. This prior information
can be linked to the sparse sample data using the Bayesian approach.

3.1 Bayesian Approach

Let B be a vector of unknown parameters and x be all relevant data. The primary
goal of Bayesian analysis is the derivation of a posterior density f (B[x) for the
unknown parameters given all relevant data x using a prior density f (B) of the
unknown parameters. The prior information and the data are linked via Bayes’
Theorem:

f(xIB)-f(B)
J £ (xIB)- f(B)-dp

where f (x|B) is the Likelihood function from the data. The constant integral
in the denominator ensures that the posterior f (B[x) is a probability density
function. We first derive the likelihood and then show how the prior is specified.

f(Bhx) = (1)

3.2 Modeling the Likelihood

For modeling the likelihood we use the class of generalized linear models (GLM),
see Nelder and Wedderburn (1972) and McNeil and Wendin (2007) for applica-
tions in credit risk. Consider a dependent variable y to be modeled by a vector
of explanatory variables or covariates x = (1,x, ...,xp) including a constant. For
variable y we have independent observations vy, ...,y,, where y; is considered as
realization of a random variable Y; (i = 1,...,n), and we have a deterministic co-
variate vector x; = (1,x;y,..., x;,) for each observation. Generalized linear models
then consist of two specifications:

1. Distribution: The Y; are independent (given x;) and their distribution
belongs to the exponential family.

2. Link Function: The mean E(Y;) = p; is modeled by a link function g as
pi =g (xip).

In our case the dependent variable is a binary event (default or non-default of
a sovereign) and an appropriate distribution is the Bernoulli distribution. Define
the binary default event as D;, then

D — 1  sovereign i defaults
"7 10  otherwise



follows a Bernoulli distribution where E(D;|x;) = P(D;|x;) = 7t; is the probability
of default (PD) and Var(D;|x;) = 7t;(1 — 7t;).

Widely used link functions are the logistic function or the probit function. As
both usually perform similarly in empirical applications and because the latter is
consistent with a state-of-the-art credit risk model as it is implemented in Pillar
1 of the Basel Capital Accord, see Basel Committee on Banking Supervision
(2006), Gordy (2000) and Gordy (2003), we decide to use the probit function
given by

E(Djl|x;) = m; = O(x;B)

where @(-) is the cumulative distribution function of the standard normal distri-
bution. The model can also be re-formulated in terms of a threshold model where
a latent default propensity or credit quality index R; = —x; B + ¢; is introduced
where ¢; ~ N(0,1) i.i.d for all i. A default happens when this latent variable
crosses a threshold. As R; is not observable in the GLM, the probit specification
implies a normal distribution and the threshold can be standardized to the value
of zero as it is absorbed by the constant of the model, that is,

Ri<0©Di:1

Under the normal distribution assumptions the analogy to structural credit risk
models becomes clear, as R; can be thought of as return on assets according
to the model due to Merton (1974). Note that the probability of default is
P(Ri <0)= P(—xiﬁ +¢;<0)= P(Ei < xiﬁ) = CD(xiﬁ).

The GLM is then extended into two directions: (i) A time-series dimension
is included, and (ii) correlation between sovereign defaults is allowed. The
time-series dimension is included by modeling D;; by deterministic covariates
x;; (i € Ny, where N; is the set of sovereigns in the portfolio at the start of period
t; t=1,2,..,T), and D;; are assumed to be conditionally independent in the
cross-section and across time.

Correlation is introduced by including a random effect along the time dimen-
sion, thereby resulting in a generalized linear mixed model (GLMM), see McNeil
and Wendin (2007). The latent variable is then

Riy = —xi1p + €t (2)
=—xiyp+p-Wr+1-p U (3)

where ¢;; = \/p- W, +4/1-p-U;; and ¥, ~ N(0,1,), Uy ~ N(0,1,) and independent
from each other and over time. The parameter p gives the weight of the time-
specific random effect \¥; and is often called asset correlation, because if R;; is

9



the asset return in a framework due to Merton (1974), then p = corr(R;;, Rj;) for
i # j. A higher correlation increases the probability for the occurrence of large
simultaneous losses in a credit portfolio.

A sovereign i defaults at time ¢ (i € N;, t = 1,2,..., T), if R;; crosses the default
boundary:

where D, is the binary random event defined as

1 sovereign i defaults in ¢
Dj; = .
0 otherwise

The conditional probability of default (conditional of the random effect \P; = ¢,
and the covariates) is given as

Ait (xi, 1) = P(Djy = 1x;1, W = @) = P (Rj; < Olxj, Wy = 1y) (4)
= P(=xiB+Vp- 1 ++1-p- U <0) (5)
_ o Xit — \/5 Yy
vl—p
_ q)( (7t5¢) — Ve ’abt]
1-p
where 1;; = ®(x;;B) is the unconditional probability of default (PD) in the

GLMM.
The 1);-conditioned likelihood at time ¢ is then obtained as

Li(¢y) = f; (xit|ﬁﬂ,bt) = I_[ Air (%t ’ubt)dit (1= Agp(xigs Sbt))l‘dit (6)

ieN;

and unconditionally by integrating over the distribution of the random effect P,
as

Ly = fi (xiflB) = j l_[/\zt Xt ) it (1 - Ais (i) it p(p)dy,  (7)
*ieN;

where ¢(-) is the probability density function of the standard normal distribution.
Finally, the likelihood is obtained as

f (xiB) = ]_[J ]_[/\zt xmﬁbtdt (1= (x5, 9y) )1 d”‘i)( )dp;  (8)

zeN

As covariates in the model we use the full letter rating grades by Moody’s
coded as dummy variables, that is we estimate one f-parameter per rating grade
j,j =1,...,] and omit the constant.

10



3.3 Prior Distribution

The specification of the multivariate prior density f(f) of the parameters is very
important. Especially, in low default portfolios as for sovereigns the likelihood
contains only little information about the default probabilities and the corre-
lation. With only little information from the likelihood, the prior distribution
becomes more crucial.

In a classical Bayesian view, the prior density is the subjective belief of the
researcher or bank manager about the density of parameters, before drawing
a sample. Kiefer (2009) and Kiefer (2011) show how to obtain a prior density
from expert information. This subjectivity might be problematic, when using
the results for regulatory purposes because a regulator might have a more
conservative view about the prior density than a bank manager. And even within
a bank itself, the managers’ beliefs can be quite different. Tasche (2013) suggests
a continuous uniform density on (0, 0.1) which leads to a conservative (mean)
PD in a stylized low default portfolio with one default and 125 debtors. Dwyer
(2007) uses a continuous uniform density on (0, 1) for validating purposes of
low default portfolios. Kazianka (2016) argues that all uniform densities are not
uninformative and proposes a Jeffreys-style objective (reference) prior density
which leads to a reduction of the mean PDs in contrast to the approach due to
Tasche (2013). However, Kass and Wasserman (1996) point out that reference
priors are very helpful with large samples but for small ones the choice of
reference priors requires more serious attention due to limited information in
the likelihood.

Another possibility to fix the prior density is to use the posterior density from
former research results in the relevant field. Doing so, it is very important to
ensure that the sample data of actual and former differ. Otherwise, the prior and
the posterior would be derived from the same data. One possibility for sovereign
default risk is to estimate risk-neutral default probabilities from CDS data and
then convert them into real default probabilities such as Moody’s sovereign EDFs.
Nyambuu and Bernard (2015) show how to construct EDFs for sovereigns in a
model like Moody’s KMV using macroeconomic variables. However, the link
between risk-neutral and real-world probabilities is ambiguous and requires
strong assumptions as risk-neutral probabilities contain add-ons for (possibly
time-varying) risk aversion and liquidity premia which are hard to disentangle.

In our modeling framework we want to specify the PD distributions for seven
Moody’s rating grades and a prior density for the asset-correlation p. We choose
to follow Orth (2013) and estimate the prior of parameter B; for each rating
grade j,j = 1,...,] from the historical default rates of Moody's corporates, see Ou
(2016), rather than from CDS spreads, because historical defaults rates should be
closer to real-world default probabilities than CDS spread implied probabilities.

11



We use the same time period 1999 — 2015 as for the sovereign default data.
We assume that all prior densities are independent from each other and the
default probabilities 7t; = ®(B;) for each grade j are beta distributed, that is,

@ (/3]) ~b(aj,b;),j=1,...]. The two relevant parameters a; and b; for each rating
grade j are estimated with the Method of Moments as in Orth (2013), assuming
issuer specific weighting. For Aaa rated corporates Moody’s does not observe
any defaults and as a consequence we cannot estimate the relevant parameters
from the historical default rates. We set a,,, and by,, so that the mean of the
prior beta density is only half as large as for Aa and the variance of Aaa and Aa
are the same. For the asset correlation p we suggest a beta distribution as prior
with a mean of 20 % and a standard deviation of 5%, see Jacobs Jr and Kiefer
(2010).

4 Estimation Results

Table 1 shows the Method of Moments estimates for the seven rating grades
which are obtained from Moody’s corporate default rate history. These serve as
parameters of the beta distributions for each grade which we use as priors for
the Bayesian model.

Table 1: Estimated parameters for the prior beta densities. Moody’s cor-
porate default rates from 1999-2015 are used to estimate the parameters of
a beta distribution per rating grade with Method of Moments.

Rating j 4 bj Mean  St.Dev.

Aaa 0.054 213.882 0.025% 0.108%
Aa 0.216  428.547 0.050% 0.108%
A 0.874 1127.680 0.077% 0.083%
Baa 0.619  245.272 0.252% 0.319%
Ba 1.227 180.780 0.674% 0.605%
B 0.858 32,975 2.535% 2.663%

Caa-Ca 1.448 13.259 9.848% 7.518%

The evaluation of the posterior density is done with JAGS via Markov-Chain-
Monte-Carlo (MCMC) with slice sampling, see Neal (2003). After the burn-in
phase we simulate ten chains with ten million iterations and include only every
tenth observation. Our final MCMC sample has ten million values for each
parameter. We do not impose the restriction that the unconditional default
probability for better rating grades have smaller values than for worse rating

12



grades in each iteration step, thus in some iterations there might be a non-
monotone behavior of rating grades. Table 2 presents the results from the
MCMC simulation. Figure 3 shows the resulting marginal posterior distributions
for each grade and the asset correlation. Figure 4 plots the trace plots for all
parameters which indicate that only f4,, has some problems to converge. To
overcome this, we simulate ten million observations.

Table 2: Summary statistics of parameters - MCMC sample (unconditional
PDs and asset-correlation)

Parameter Mean St.Dev. IQR Min. Median Max.

Aaa 0.011% 0.062% 0.000% 0.000% 0.000% 1.261%
Aa 0.044% 0.095% 0.041% 0.000% 0.006%  2.616%
A 0.074% 0.080% 0.085% 0.000% 0.049%  1.251%
Baa 0.236% 0.300% 0.285% 0.000% 0.127%  6.193%
Ba 0.628% 0.565% 0.650% 0.000% 0.469%  8.269%
B 5.237% 3.673% 4.616% 0.000% 4.422%  45.257%
Caa-Ca 13.306% 7.697% 10.207% 0.016% 11.977% 67.420%
o 19.948% 4.985% 6.745% 2.721% 19.630% 99.999%

The mean and the standard deviation of unconditional PDs for the better
rating grades are quite similar to those of the prior densities except for Aaa
where PD and standard deviation are smaller in the posterior distribution. For
the rating grades with default observations, B and Caa-C, we obtain distinctly
higher means and standard deviations. This is due to the high default rates
in these rating grades and the low number of observations. In rating grade B
we notice the default of Cyprus with overall two observations and in rating
grade Caa-Ca Greece defaults with overall four observations only. The posterior
density of the asset correlation is nearly unchanged to the prior density. Lopez
(2004) and Duellmann et al. (2010) find in their literature reviews values from
0.3% to 26% for asset correlations, dependent, inter alia, on rating, industry
sector and estimation technique. In a Bayesian framework like ours, McNeil and
Wendin (2007) estimate a mean value of the posterior density from 7.5% using
Standard and Poor’s data for U.S. corporate firms. Also Luo and Shevchenko
(2013) obtain a mean of 8.15% for 1982-2010 in a Bayesian model setup which
includes recovery risk. Estimates for risk-neutral asset correlations from equity
or CDS data can even be much higher, see Friewald (2009) who obtains values
for asset correlations from CDS spreads between 60% and 80%. Boudreault
et al. (2015) get a value of 57.6% for companies which constitute the CDX North
American Investment Grade Index (CDX.NA.IG.17).

13
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Figure 3: Marginal posterior distributions This figure graphs the marginal
posterior distributions of unconditional PDs and asset correlation p.
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In general, these diverging results in the literature show that estimates for
asset correlations are very noisy which can be accounted for in our Bayesian
approach because rather than a single estimate we obtain a full posterior distri-
bution. In our data set, the asset correlation should be higher than for corporates
because the Euro zone members may have more pronounced dependencies than
big U.S. companies from different industrial sectors which have no or little con-
tractual relations. This is also consistent with Longstaff et al. (2011) who show
that sovereigns have higher correlations than equity index returns for the same
countries. Therefore, our posterior distribution for the asset-correlation with a
mean around 20% is not implausible.

Figure 5 shows the means of the random effects per year. Positive values
refer to adverse and negative values to good economic conditions. Before 2012
the means of the posterior densities are slightly negative. With the default of
Greece in 2012, the mean of the random effect equals 0.36. It increases to 0.45
in 2013, the year of the default of Cyprus. The higher value in 2013 is due to the
better rating grade of Cyprus in the year of default. After 2013, the means of the
random effects are more negative than before 2012 due to rating downgrades of
some Euro zone members. This effect makes the zero default rates per year more
unlikely.

5 Regulatory and Economic Capital

5.1 The Public Sector Purchase Programme (PSPP) Portfolio

Using the posterior densities from the previous section we now compute regula-
tory (RCR) and economic capital requirements (ECR) for the PSPP. The PSPP is
part of the expanded asset purchase programme (APP) of the European Central
Bank (ECB). It allows the ECB resp. the national central banks to buy bonds from
private resp. public sector up to 80,000 mill. EURO against central bank money.
From January 2018 the monthly net asset purchases of the APP are limited to
30,000 mill. EURO. Main goal of the APP is to reduce the risk of deflation in
the EURO zone and help to reach the target inflation level of 2%. The share of a
sovereign on the PSPP is determined by its ECB’s capital key.

We use the PSPP as of 2016/06/30 for our capital exercise. The only EURO
member state who is not part of the program is Greece, because of their low
rating grade. Table 3 shows the ratings and exposures at default (EADs) of all
participating EURO member states. As of end of June 2016 the total PSPP hold-
ings to these sovereigns were 782,122 mill. EURO where the main constituents
were Germany, France, Italy and Spain.*

“We do not consider international and supranational institutions and agencies like the
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Figure 5: Mean random effect This figure shows the means of the posterior
density for the random effects per year.
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Table 3: PSPP-program as of 2016/06/30

Country Rating EADj; (in mill. EURO) Maturity
Austria Aal 22,750 8.92
Belgium Aa3 28,670 9.65
Cyprus Bl 269 5.27
Estonia Al 66 2.04
Finland Aal 14,615 7.53
France Aa?2 165,591 7.65
Germany Aaa 208,269 7.44
Ireland A3 13,251 9.38
Italy Baa2 144,009 9.29
Latvia A3 1,023 6.62
Lithuania A3 1,772 6.62
Luxembourg Aaa 1,615 6.37
Malta A3 586 10.87
Netherlands Aaa 46,365 7.57
Portugal Bal 19,138  10.14
Slovakia A2 7,069 8.02
Slovenia Baa3 3,729 8.27
Spain Baa?2 103,335 9.73
All 782,122
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5.2 Regulatory Capital

The foundation for regulatory minimum capital is Pillar I of the Basel II/III
framework, see Basel Committee on Banking Supervision (2006) resp. Basel
Committee on Banking Supervision (2011). Under this framework the regulatory
capital for sovereigns can be computed using the Standardized (SA) or the
Internal Ratings-based Approach (IRBA). Under the SA, estimates for the PDs
are not eligible to calculate the regulatory capital. Rather, the relevant risk
weights (RWiStA) for sovereigns are 100%, or, if a bank has nominated a rating
agency, have to be obtained from Table 4 (see Basel Committee on Banking
Supervision (2006), p. 19).>

Table 4: Risk weights - Standardized Approach

Rating AaatoAa3 Al toA3 Baal toBaa3 Bal toB3 Below B3
Risk weight 0% 20% 50% 100% 150%

The risk-weighted asset of sovereign i is then
RWAA = RWSA.EAD;;-12.5 (9)

Regulatory minimum capital (regulatory capital requirement, RCR) for a bank
at time t has to be calculated according to

n n
RCR{* =) RCRjA =) RWA}"-0.08 (10)
i=1 i=1

Given the ratings and EADs we can straightforwardly computed the regula-
tory minimum capital for the PSPP according to the SA.

Another possibility for meeting the legal requirements for regulatory capital
is the IRBA. Here, banks are allowed to use their own estimates for the relevant
risk drivers PD, EAD, loss given default (LGD) and maturity. In this article we
focus only on the first risk driver, the PD 7;;, and do not estimate the others.
The LGD value is fixed to 0.765, which is the market LGD for Greece, see Tudela
(2015). The maturity M;; and EAD;; are from the PSPP, see Table 3. The RWAs

European Investment Bank. As of end of June 2016 the total PSPP holdings to these institutions
are 102,426 mill. EURO.

>Under Basel II/1II national supervisory authorities could allow banks to reduce the risk
weight to zero (see Basel Committee on Banking Supervision (2006), p. 20). Currently, all
Committee members use this discretion (see Basel Committee on Banking Supervision (2017), p.
19).
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under the IRBA are computed as (Basel Committee on Banking Supervision
(2006), p. 64):°

1= e—50~7zit 1= (1 _ 6750~7Z,‘t)
Prrpa(Tir) =012 —— 55— +0.24- ———; (1)
b(r;;) =(0.11852 - 0.05478 - In(1t;;))*
q)—l . TC:
RWEA (1) (LD, - | 2t PresalTie) . g,-10,999)
1- PIRBA(T(it) 1- pIRBA(T(it)
1+ (M, —2.5)b(r;
- LGDyy)- + (M ) - b(7ti)
1-1.5-b(m;)

RWAIRBA (7, ) =RWIRBA(1,,) . EAD;, - 12.5

In our Bayesian approach we do not have a single estimated PD t;; but
rather a whole posterior distribution. Kiefer (2011) suggests two approaches
to obtain a single number from the entire distribution. The first approach is to
use a point estimate from the PD distribution 7 (x;;), such as the mean,” and
calculate the regulatory capital under the IRBA for this single value (RCRIRBA ),

it,mean
The second is to calculate the regulatory capital RCRII-fBA(nit) for all steps of
our MCMC sample and then take the mean (RCRffg‘%). If the PD is smaller
than 1 bp we set RCRII-FBA(T(,'t) to zero. This is due to the behavior of the Basel
II/III capital formula which produces meaningless values for very small PDs
(see Kiefer (2011)). For countries with a Aaa resp. Aa rating this restriction is
relevant in 79% resp. 35% of all cases of the second approach.

As a reference for the PDs we use the ‘most prudent’ estimating methodology,
see Pluto and Tasche (2011). This approach leads to very high probabilities
and can be interpreted as upper limit for (mean) PDs in low default portfolios.
Using this approach for our estimation samples with a confidence level of 50%
leads to unrealistic high PDs TC?ZP especially for sovereigns with Aaa rating. The
most prudent PD for these sovereigns are 1.108% in contrast to a mean PD of
0.011% under the Bayesian approach. As proposed by Pluto and Tasche (2011)

,scal
we scale the overall most prudent PDs n?:p M to 0.830%, the overall default
rate of our estimation sample. Thus, these PD estimates become somewhat less

conservative. Moreover, we set the PD of rating grade Caa-Ca to the PD of rating

®Large or unregulated financial institutions have to multiply prrpa(7t;;) with 1.25, see Basel
Committee on Banking Supervision (2011), pp. 39-40. We do not consider this adjustment when
calculating the RWA.

’Taking the mean of the posterior is equivalent to minimizing a quadratic loss function, see
Greenberg (2013).
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grade B because the most prudent approach does not ensure that the PDs are
increasing.

All PD estimates for the PSPP as of 2016/06/30 can be obtained from Table 5.
The scaled most prudent PDs are still substantially higher than the mean PDs of
the Bayesian approach except for rating grade Caa-Ca . However, for the PSPP
this is irrelevant because no country falls into this rating grade.

Table 5: Unconditional PDs IRBA approach — PSPP as of 2016/06/30

Rating 7T (x;4) n?tlp'scale n:’;p

Aaa 0.011% 0.236% 1.108%
Aa 0.044% 0.466% 2.186%
A 0.074% 0.885%  4.156%
Baa 0.236% 1.941% 9.115%
Ba 0.628% 3.485% 16.365%
B 5.237% 8.975% 42.141%

Caa-Ca 13.306% 8.975% 42.141%
PSPP 0.402% 1.454%  6.825%

The regulatory capital requirements are reported in Table 6 where the first
column shows the country and the second column its rating as of 2016/06/30.
The third and fourth columns show the regulatory capital requirements under
the SA (both absolute and relative); the remaining columns show the correspond-
ing values for both Bayesian approaches and the scaled most prudent approach.
According to the SA, all sovereigns with rating grades better than A1 have zero
RWAs and therefore no regulatory capital requirements as a consequence. These
countries have a proportion on the total EAD of 62.38%. The total risk weighted
assets under the SA are 149,697 mill. EUR and, as a result, the regulatory capital
is 149,697 mill. EUR - 8% = 11,976 mill. EUR or 1.53% of the total volume
under risk.

Looking at the regulatory capital requirements (RCR) under the IRBA ap-
proach, we see that they are more than 2.6 (RCRIRBA), 3.7 (RCRIRBA ), resp. 9.5

t,sim t,mean

(RCR{’I;BPA) times higher than under the SA, depending on which PD estimate is
used. Responsible for this divergence are mainly the sovereigns with a rating
better than Al (mainly Germany and France) because they have zero RWAs
under the SA approach and as a consequence no capital requirements.

The two approaches using the Bayesian method lead to remarkably different
results. The RCR for the PSPP as a whole increases by 42% when using only
7t (x;¢) instead of taking the average of all simulated RCRs. When looking at

the members of the program we see that especially the highly rated sovereigns
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(e.g., Germany and France) are responsible for this increase. Sovereigns with
an Aaa rating are more than doubled in their RCRs. The main reason for these
divergences is that the posterior distributions are highly skewed to the right and
that the capital function is concave.

In most cases, Italy and Spain are the two countries with the highest RCRs
because they have worse rating grades (high PDs) and large exposures. Only in
the most prudent approach the relative risk exposure of France is slightly higher
than that of Spain. This is due to the high exposure in the PSPP and the relative
high PDs for Aa rated sovereigns under the most prudent approach. We have to
stress that our most prudent approach is only moderately conservative, because
we scaled the estimated overall PD to the overall default rate of the estimation
sample.

Regarding regulatory capital we summarize the main results as follows:

* The regulatory capital requirements under the SA are quite small compared
to all IRBA approaches.

* In particular, all IRBA approaches lead to non-zero risk weights, in contrast
to the SA for sovereigns with rating better than A1l.

* Depending on the method for estimating the PDs we find considerable dif-
ferences between the IRBA approaches, and particularly the most prudent
estimates - though scaled - yield the most conservative capital buffers.

5.3 Economic Capital

Besides minimum regulatory capital requirements under Pillar 1, each bank also
has to fulfill the Internal Capital Adequacy Assessment Process (ICAAP) of Basel
II/111 (Pillar 2). For this purpose most banks compute some risk measures for
future potential losses using a more or less sophisticated internal credit portfolio
model.

The future losses from the PSPP for country i for time period 2016/07/01 to
2017/06/30 are modeled as

Lit = Djy - LGD;j; - EAD;; (12)

and the total future losses of the PSPP are

18
Li=Y Ly (13)
i=1
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where EAD;; is the exposure for sovereign i to the PSPP as of 2016/06/30 and
LGDj; is set to 0.765, the market LGD for Greece for all countries, see Tudela
(2015).

The two most popular risk measures are Value-at-Risk (VaR) and Expected
Shortfall (ES).

As in Acerbi and Tasche (2002) we define the VaR at level a as the lowest
value that meets the a-quantile definition. The ES of a portfolio is then given by

a—P(L, > VaR%(L,))
o

1
ES{(Ly) = x E[L;- l(LtzVaR?(Lt))] + VaR{(Ly) (14)

The individual contribution of a sovereign i to the portfolio ES at time period ¢
is defined as

a—P(L; = VaR{(Ly))
a

ESI‘C:(Lit) = 'E[Lit'ﬂ(LtZVaR?(Lt))]"' VaRg(Lt) (15)

RIr

where VaR?,(L;) is the loss of country i when L; = VaR{ (L;).

We use ES instead of VaR for the following analyses because the VaR is not
subadditive and coherent, see Artzner et al. (1999).

The committee economic minimum capital (economic capital requirement,
ECR) for a bank, for example using a confidence level of 97.5%, has to be
calculated according to

n

n
ECR?7.5% — ZECR97.5(V0 (Lit) — Z(ES?Z.S% (Lit) —E [th]) (16)

it
i=1 i=1

As for regulatory minimum capital we have two possibilities to predict the
loss distribution L; from the posterior density of the parameters. First, we use
the mean of each parameter and simulate the loss distribution (L; ;e4,,)- In the
second approach we account for the uncertainty of parameters. We follow Luo
and Shevchenko (2013) and calculate the loss distribution for the PSPP from
the full predictive loss density. For each run of our MCMC-sample we simulate
one loss, only. At the end we obtain a loss distribution with 10 million entries
(Lt,sim)- Table 7 shows the results for the economic capital requirements (ECR)
using both methods for confidence levels of a € {97.5%, 99%, 99.9%} where each
row contains the country ECR contribution and the last row shows the portfolio
ECR (in absolute numbers as mill. EUR and in percent).

For the lower risk levels (97.5% resp. 99%) and both methods, Italy and Spain
are the two countries with the highest contributions to the economic capital.
This is due to the high PDs and exposures of both countries. At the 99.9%-level
Italy and France are the two sovereigns with by far the highest economic capital
requirements followed by Germany and Spain. Beside the PDs the main reasons

24



Country-specific risk contributions - PSPP

Table 7

%00°001  LLSOST  %00°00T  788'6S  %00°00T  1T6'ST  %00°00T  LE6'6TT  %00°001  Z€0°09 %0001  €¥6°SZ
%IS'C  ¥L6T  %0I'IE 12981 %0€'8T  9€€L  %LFT  TIT'€  %I80€  €0S'8T  %01'8T  68CZ  cved ureds
%10 €61 %800 OF %0l B9C %600 911 %900 € %0l 69T geeg ©IUAAO[S
%H0'0 8¢ %H0'0  ¥C %090 981 %900 9L %H0'0 ST %650 ST v enyeAols
%9L0 166 WES'6  LOL'S  %SSEL  66S'C %60 9STT  %bF6  L99°C  %69€l  TSS'E reg [eSniog
%OT0 LTI %b9'0  8€ %850 08I %ST0 861 %SL0  TSE %690 8LI ey SPUP[IAYIAN
%000 S %000 T %S00 €1 %000 9 %000 T %500 €1 ev eIeN
%000 ¥ %000 1 %00 S %000 ¥ %000 1 %00 9 eey  Smoquiaxng
%100 LI %100 S %ST0  OF %100 61 %100 9 %10 OF eV eruenyr]
%100 8 %100 € %600 €2 %100 01 %100 € %600 €C v eiare]
WHS'LE  910°%6F  %ST'ER 106G %9E'6E  €0TOL %6998 LLOLF  WEI'SH  B68'ST  %Ie'6e 10201 ceed Arear
%010 STl %800 ¥ wHL'l  L6T %010 61 %800 9% %L 68C eV puepaif
%LE'CT  OFTST  %Z0'€ 8081  %SLT  CIL %HO'ST  8TE0T  %9E€  FIOT  %90°C 6L eey fuewzon
%EO'CH  881°9C  %0E'6  89S'S %98 F6IT  %LE'EH  1SE'9S  %0€6  8S'S  %sF'S  00CT  CeV aduexy
%600 Tl %L00  €F %SLO 61 %800 10T %900 ¥E %ELD 061 Tey puequI
%000 0 %000 70 %000 €0 %000 €0 %000 70 %000 €0 v eruoysy
%S00 79 %H0'0 €2 %ST0 9 %500 69 %H0'0 9T %970 99 14 snxd4)
%LI0 91T %65T  0S6 %PHT LS %HT0 881 %09T 656 %Pl 8LE gey wni8jag
%L10  0TT %9TT €L wHL'l  L6T %S0 661 %6T'T  LLL %SLT  90€ rey eLsny
(HIS1T) oy oI DT (ISIY) g dhi0d (M), 0T (W), Myog (), Myog (e, hyog Suney £nuno)

25



for the high economic capital requirements for France and Germany are that the
EADs of the PSPP are very heterogeneous, our overall PD is relative low and the
number of sovereigns in our portfolio is very small. The 99.9%-VaR occurs in
the simulation only when Cyprus and Italy simultaneously default. So, every
default of France and Germany is considered when calculating E8z9‘9%. The
individual risk contributions at the 99.9%-level of France and Germany are ten
times higher than to the 99%-level. The overall economic capital requirement
increases by a factor of 2.2, only. Both approaches (L;;,;, and L; ;,,,,,) show very
similar figures.

Due to the low number of sovereigns and the heterogeneity of EADs and
PDs we observe an absolute risk reduction for some sovereigns when changing
from 97.5%- to 99%-level resp. 99%- to 99.9%-level. Most affected from this
anomaly is Spain when changing from 99%- to 99.9%-level. The 97.5%- resp.
99%-VaR occurs in the simulation when Cyprus resp. Portugal defaults, only. As
a consequence, all countries with a higher exposure than Cyprus resp. Portugal
have no impact on the amount of the Value-at-Risk, but have an even higher
impact on the relevant Expected Shortfall. This effect is very similar for both
approaches.

5.4 Economic vs. regulatory capital

Finally, we compare the individual regulatory and economic capital require-
ments. Table 8 shows Kendall’s 7 as a measure of rank order dependence among
the various approaches. We see that regulatory capital under the SA has a differ-
ent rank order (low Kendall’s 7) compared to all other risk sensitive approaches.
Here, the regulatory capital of the most prudent approach is more comparable to
the Bayesian approaches than the SA with Kendall‘s 7 reaching from 0.78 to 0.92.
All Bayesian approaches have virtually the same rank order. Their Kendall’s t
reaches from 0.80 to 1. Note that the absolute capital requirements of the differ-
ent approaches and risk levels has no influence on the calculated dependency
measures. However, a different rank order of capital across approaches indicates
incentives for regulatory arbitrage, particularly across economic capital (i.e.,
real risk) and regulatory capital, as banks may exchange securities with high
regulatory capital and low risk against low capital securities with high risk.

As can be seen from Table 9, the minimum capital requirements of the various
approaches are quite different at first sight, depending on the risk (confidence)
level. The risk level for the economic capital requirements has to be individually
set by a bank in advance of their overall risk profile, target rating and controlling
approach (going-concern resp. gone-concern).

However, for a risk level of 97.5% we have comparable figures for the eco-
nomic capital as under RCRIRBA The regulatory capital requirements for the

t,sim *
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most prudent approach, with calibration to the overall default rate of the esti-
mation sample, lies between the risk levels of 99% and 99.9%. The economic
capital for a risk-level of 99.9% is only 15% higher than the highest regulatory
capital requirements under the most prudent approach.
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Table 9: Minimum capital requirements for different approaches

Approach Minimum capital

requirements
RCR?# 11,976
RCRIRBA 44,214
IRBA
RCR{RE 31,037
RCRiKA 113,436
97.5%
ECR]7> 25,921
99%
ECR}Y", 59,882
99.9%
ECR}%), 130,577
ECRY7>% 25,943
ECR s, 60,032
ECRY s, 129,937

29



6 Summary and Policy Implications

This paper uses a Bayesian Generalized Linear Mixed Model (GLMM) to estimate
real-world probabilities of default (PDs) and correlations for EU sovereigns. The
priors for the PDs are derived from historical default rates of corporate bonds
with the same rating grades. Using our estimates as well as ‘most prudent’
estimates we compare regulatory capital under the standardized Approach
(SA) and the Internal Ratings Based Approach (IRBA) with economic capital
computed by the Expected Shortfall (ES) for the European Central Bank’s Public
Sector Purchase Programme (PSPP). We obtain the following main findings:

* The IRBA yields capital requirements which are by factors 2.6 to 9.5 higher
than those under the SA

* This is mainly driven by the zero risk weights under the SA for highly rated
countries

* IRBA capital requirements may substantially differ, depending on which
method for PD estimation is used (Bayes vs. ‘most prudent’) where the
latter results in most conservative capital charges

* IRBA capital requirements are highly correlated (in terms of rank order)
with economic capital, as computed by the risk measure ES, while SA
capital is neither highly correlated to IRBA nor to economic capital

* Absolute IRBA charges are close in size to economic capital if an ES confi-
dence level of 97.5% is used

Our results may have important policy implications. As SA capital is too low
in size and only poorly correlated to real-world risk - mainly due to zero risk
weights of highly rated securities - it should be revised or, better, completely
avoided if possible. Using the SA is sometimes associated with "financial repres-
sion’, see Hannoun (2013), which means that governments benefit from zero
risk weights that provide incentives for holding government debt. On the other
hand, this incentive might be misaligned because real-world sovereign risk is far
off from SA regulatory capital which implies a form of regulatory arbitrage as
financial institutions may prefer exchanging low-risk high-capital securities by
higher-risk lower-capital securities, thereby reducing capital and boosting risk.

On the other hand, abandoning the SA requires data and methods for esti-
mating real-world sovereign PDs which is challenging due to their low default
properties. Bayesian approaches, as applied in this paper, might be a way
forward to alleviate this issue.
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