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Abstract

For variable rate FX loans risks arise from the interaction between mar-
ket and credit risk. A rise in the interest and exchange rates increases
payment obligations of obligors and thus triggers additional defaults and
drives up default probabilities (PDs). It also increases exposures at de-
fault (EAD) and losses given default (LGD). Can this additional risk be
hedged with derivatives? This chapter designs hedges with an advanced
stress test technique called worst case search. It turns out that FX op-
tions can be used to virtually eliminate the dependence of expected loss on
exchange rates—at some fixed level of interest rates and other macroeco-
nomic factors. But the hedge is not perfect: Firstly it cannot fully remove
dependence of expected losses on exchange rates at other levels of interest
rates, and secondly it can bring to zero only the expectation but not the
variance of losses caused by adverse exchange rate moves.

Keywords: stress test, plausibility, Mahalanobis distance, Maximum Loss,
hedge, key risk factors

1 Introduction

Stress testing has become an important method of risk analysis for lending aci-
tivities. Worst case analysis is a special technique of stress testing. It consists
of searching for the worst among the macroeconomic scenarios satisfying some
plausibility constraint. In this way one can be sure not to miss out any harmful
but plausible scenarios, which is a serious danger when considering only prede-
fined stress scenarios. This chapter uses worst case analysis to design hedges of
the market and credit risk in FX loans.

∗Thomas Breuer, Martin Jandačka and Klaus Rheinberger, Research Centre PPE, Fach-
hochschule Vorarlberg, Hochschulstr. 1, A-6850 Dornbirn, Austria. Martin Summer, Oester-
reichische Nationalbank, Otto Wagner Platz 3, A-1090 Vienna, Austria. Corresponding au-
thor: thomas.breuer(at)fhv.at. MJ and KR are supported by the Internationale Bodensee-
hochschule.

1



Systematic worst case analysis with plausibility constraints was developed
for market risk stress testing, see Breuer and Krenn [1999] and Čihák [2004,
2007]. Breuer et al. [2008b] extended this technique to macro stress testing of
loan portfolios. The loss in the worst case scenario can also be regarded as risk
measure. As such it was originally introduced under the name Maximum Loss
by Studer [1999, 1997]. Maximum Loss is a coherent risk measure in the sense
of Artzner et al. [1999].1 As a risk measure Maximum Loss has two advan-
tages over Value at Risk. First, it is coherent and therefore can be the basis
of economic capital allocation to subportfolios. Secondly, it provides informa-
tion about which economic situations are really harmful and suggests possible
counteraction to reduce risk. On this aspect we focus in this chapter.

The rest of the chapter is structured as follows. First, in Section 2 we
briefly review the technique of worst case analysis. In Section 3 we develop a
model describing both market and credit risk as well as their interaction in loan
portfolios. Next, in Section 4, we perform a worst case analysis of the FX loan.
Finally, in Section 5 we construct hedges for the market and credit risk in FX
loans and investigate the quality of these hedges.

2 Stress Test and Worse Case Analysis

We assume the following framework for our discussion of stress testing. The
value of the portfolio is a function of n macro resp. market risk factors r =
(r1, . . . , rn) and of N idiosyncratic risk factors ε1, . . . εN , one for each counter-
party. The macro risk factors are distributed elliptically with covariance matrix
Σ and expectations µ. The idiosyncratic risk factors may be continuous or
discrete.

Standard macro stress testing picks some predefined macro scenarios, often
historical scenarios or standard scenarios popular in the industry, or specific sce-
narios combining risk factor moves the bank considers dangerous to its portfolio.
Good practice in stress testing is to identify scenarios which have harmful im-
plications for the portfolio and at the same time are not completely implausible.
The plausibility of scenarios will be measured by the Mahalanobis distance:

Maha(r) :=
√

(r − µ)T · Σ−1 · (r − µ),

where r, µ, and Σ only refer to the macro risk factors fixed by the scenario.
Intuitively, Maha(r) can be interpreted as the number of standard deviations
of the multivariate move from µ to r. Maha takes into account the correla-
tion structure between the risk factors. A high value of Maha implies a low
plausibility of the scenario r.

A macro scenario does not determine a unique portfolio value because it
does not fix the values of the idiosyncratic risk factors. The term ‘stress distri-

1Actually, it is the prototype of a coherent risk measure because by a duality argument
every coherent risk measure can be represented as Maximum Loss over some set of generalised
scenarios, see Delbaen [2003] and Pflug and Römisch [2007].
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bution’ reflects the double nature of these conditional distributions. They are
distributions which are derived from stress scenarios.

The harm caused by a scenario is the objective function to be maximised
in the worst case search. It may be measured in terms of the expected value
of the conditional profit distribution, the capital requirement implied by the
conditional profit distribution via some risk measure, or the capital ratio. In
this chapter we use the first criterion and minimise conditional expected profit
(CEP).

As admissibility domain for the macro scenarios it is natural to take an
ellipsoid whose shape is determined by the covariance matrix of macro risk
factor changes:

Ellk := {r : Maha(r) ≤ k} , (1)

Finding a macro scenario in the ellipsoid Ellk which has minimal conditional
expectation of the profit distribution is a deterministic non-convex optimisation
problem. Using an algorithm of Pistovčák and Breuer [2004] this problem can
be solved numerically.

What is the advantage of worst case search over standard stress testing?
First, the worst case scenarios are superior to the standard stress scenarios in
the sense that they are both more harmful and more plausible. Secondly, worst
case scenarios reflect portfolio specific dangers. What is a worst case scenario
for one portfolio might be a harmless scenario to another portfolio. This is not
taken into account by standard stress testing.

Thirdly, worst case scenarios allow for an identification of the key risk factors
which contribute most to the loss in the worst case scenario. We define key risk
factors as the risk factors with the highest Maximum Loss Constribution (MLC).
The loss contribution LC of risk factor i to the loss in some scenario r is

LC(i, r) :=
CEP (µ)− CEP (µ1, . . . , µi−1, ri, µi+1, . . . µn)

CEP (µ)− CEP (r)
, (2)

if CEP (r) 6= CEP (µ). LC(i, r) is the loss if risk factor i takes the value it
has in scenario r, and the other risk factors take their expected values µ, as a
percentage of the loss in scenario r. In particular, one can consider the worst
case scenario, r = rWC . In this case the loss contribution of some risk factor i
can be called the Maximum Loss Contribution:

MLC(i) := LC(i, rWC). (3)

MLC(i) is the loss if risk factor i takes its worst case value and the other risk
factors take their expected values, as a percentage of MaxLoss.

The Maximum Loss Contributions of the macro risk factors in general do
not add up to 100%. Sometimes the sum is larger, sometimes it is smaller. The
reason for this is the fact that the cross derivatives of the CEP function do not
vanish. Because of the curvature of the CEP surface the effect of a combined
move in several risk factors may be larger or smaller than the sum of effects of
individual risk factor moves.
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If the single risk factor moves can not explain the Maximum Loss in a satis-
factory way, it will be necessary to consider Maximum Loss Contributions not
of single risk factors but of pairs or larger groups of risk factors. Consider some
partitioning of the risk factor indices {1, 2, . . . , n} into groups I1, . . . , Is. Each
risk factor will be in exactly one group. The loss contribution of a group I in
scenario r can be defined as

LC(I, r) :=
CEP (a1, . . . an)− CEP (µ)

CEP (r)− CEP (µ)
, (4)

where ai := ri if i ∈ I and ai := µi if i /∈ I. The definition assumes CEP (r) 6=
CEP (µ). The Maximum Loss Contributions of a partition of the risk factors
add up to 100% if and only if CEP can be written as a sum of functions, each
depending just on one of the risk factor groups. For a proof of this see Breuer
et al. [2008b].

3 A Market and Credit Risk Model of Loan
Portfolios

Before we illustrate the use of these techniques on loan portfolios we need to
specify a model determining the profit or loss of a loan portfolio as a function
of macro and idiosyncratic risk factors. For variable rate FX loans risks arise
from the interaction between market and credit risk. A rise in the interest
and exchange rates increases payment obligations of obligors and thus triggers
additional defaults and drives up default probabilities (PDs). It also increases
exposures at default (EAD) and losses given default (LGD). We propose a simple
model which can capture these effects.

The loan portfolio Consider a portfolio with N obligors indexed by i =
1, . . . , N . All loans are underwritten at initial time t = 0. The loan amount is
li and we assume that the bank refinances in the interbank market at the same
repricing intervals. After four quarters, at time t = 1, the loan expires and the
bank repays its liability on the interbank market with an interest rate r and it
claims from the customer the amount li(1 + r + si), which is the original loan
plus interest r rolled over from four quarters plus a spread si which depends
on the obligor quality. For a FX loan the customer’s payment obligation to the
bank at time 1 is

oi = li
e(1)
e(0)

(1 + r) + li
e(1)
e(0)

si (5)

Here e(1) and e(0) are the exchange rate at times 1 and 0, and r is the average
interest rate in the foreign currency over the four quarters. The first term on
the right hand side is what the bank has to repay on the interbank market, the
second term is the spread profit of the bank.

We assume loans to have variable interest rates. The loan period is split
into four quarters. At the initial time bank and customer know the interest
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rate for the first quarter. After each period the new interest rate is fixed as the
interbank rate plus the fixed spread. The interest rate r in eq. (5) is the average
of the interbank rates over the four quarters. It is not known initially.

Whether an obligor will be able to meet this obligation depends on his
payment ability ai. Obligors default in case their payment ability at the expiry
of the loan is smaller than their payment obligation oi. In case of default the
customer pays ai instead of oi. The profit of the bank with obligor i is therefore

Vi := min(ai, oi)− li(1 + r), (6)

where the first term is what the bank actually receives from the obligor and the
second term is what the bank has to pay on the interbank market.

In the numerical examples we will consider portfolios of N = 100 loans of
li = e 10 000 by customers in the rating class B+, corresponding to a default
probability of pi = 2%, or in rating class BBB+, corresponding to a default
probability of pi = 0.1%.

Our portfolio is of course still stylised because it assumes that all loans are
underwritten at the initial time 0 and simultaneously expire at time 1. This
simplification is however not essential for the purpose of constructing hedges.

A simple integrated credit and market risk model We model the ability
of an obligor to repay his obligations as a function of macroeconomic conditions
and an idiosyncratic risk component. The form of our payment ability process
resembles firm value process in the model of Merton [1974] but it is adapted to
incorporate the macroeconomic influence as in Pesaran et al. [2005].

Assumption 1. The payment ability at final time 1 for each single obligor i is
distributed according to

ai(1) = ai(0)
GDP (1)
GDP (0)

εi, (7)

log(εi) ∼ N(µ, σi) (8)

where ai(0) is a constant, and µ = −σ2
i /2 ensuring E(ε) = 1. For different

obligors the realizations εi are independent of each other and of GDP and r.

GDP(0) is the known GDP at time zero, GDP (1) is a random variable.
The distribution of εi reflects obligor specific random events. The support of εi

is (0,∞) reflecting the fact that the amount ai available for repayment of the
loan cannot be less than zero. σi is the obligor-specific standard deviation of
idiosyncratic payment ability changes. li/ai(0) is the initial loan to value ratio
(LTV).

Calibration We use ratings which are intended to reflect PDs. Given the
present payment ability, PDs will depend on the loan amount li(higher PD for
higher loan amount) and σi (higher PD for higher σi). In practice li, ai(0) and
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σi would be determined in the loan approval procedure, and the model then
delivers the resulting PD. In this chapter, instead, we start from li, rating class
(resp. PD), and ai(0), and then work out the corresponding σi from the model.

Note that, as the model involves a default threshold oi that depends on the
spread s, one has to estimate σi and the loan spread jointly. This is done as
follows. The payment ability distribution must satisfy the following condition:

pi = P [ai(1) < oi]. (9)

ai(1) is a function of σi and oi is a function of the spreads. We assume that
spreads are set to achieve some target expected profit for each loan:

E(Vi(σi, si)) = EPtarget, (10)

where Vi is the profit with obligor i and EPtarget is some target expected profit.
The two free parameters σi and si are determined from these two conditions.

Specifically, the spread si for each obligor was set in such a way that a
target expected profit of e 160 on each loan is achieved, which amounts to a
20% return on an assumed capital charge of e 800 for a loan of e 10 000. The
resulting spreads and necessary σ are:

rating LTV σ spread [bp]

BBB+ 83% 0.024 158.06
B+ 83% 0.062 163.88

GDP growth is derived from a macroeconomic time series model developed in
Breuer et al. [2008a] to which we refer for details. The distribution of the macro
risk factors was estimated from quarterly data 1989–2005. Nominal GDP data
for Austria were from the IFS of the International Monetary Fund. For the logs
of risk factors, mean and covariance matrix of the estimated distribution are
given in Table 1.

The profit distribution was calculated in a Monte Carlo simulation by gen-
erating 100 000 scenario paths of four steps each. The resulting distribution of
risk factors after the last quarter, which is not normal, was used to estimate
the covariance matrix of 1yr macro risk factor changes. In each macro scenario
defaults of the customers were determined by 100 draws from the ε in the pay-
ment ability distribution (7). From these we evaluated the profit distribution
at the one year time horizon.

4 Worst Case Analysis of FX Loan Portfolios

Table 2 gives for different sizes k of the admissibility domain Ellk the worst
macro scenarios together with the expected profit in the worst macro scenario.
There are a number of instructive observations.
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Table 1: Estimated mean and covariances of logarithms of macro risk factors in the
GVAR model.

GDP rh rf e(1)

mean 5.446 1.246 0.556 0.423
std. dev. 0.097 1.870 6.301 0.387

correlations 1.000 0.291 0.217 -0.040
1.000 0.519 0.140

1.000 0.007
1.000

First, the exchange rate is clearly the key risk factor. This becomes apparent
both from the top and the bottom table. In the top table, the FX rate makes
by far the larges moves, as measured in standard deviations, often almost up
to the maximal size. In the bottom table, the exchange rate is the single risk
factor with the highest MLC. The diagnosis of the FX rate being the key risk
factor is confirmed by the right hand plot in Fig. 1, which shows the expected
profits in dependence of single macro risk factor moves, keeping the other macro
risk factors fixed at their expected values.

Second, the dependence of expected profits on the relevant risk factors is
clearly non-linear. The profiles of expected profits in Fig. 1 resemble those of
short options. A foreign currency loan behaves largely like a short put on the
FX rate. This insight is key for constructing the hedges.

Third, the dependence of expected profits of FX loans on the exchange rate
is not only non-linear, but also not monotone. For the BBB+ FX loan portfolio,
focusing on changes smaller than 3σ it becomes evident that a small increase in
the exchange rate has a positive influence on the portfolio value for the bank,
but large increases have a very strong negative influence. If we restrict ourselves
to small moves the worst case scenario is in the direction of increasing exchange
rates, but if we allow larger moves the worst case scenario is in the direction of
decreasing exchange rates. The reason for this non-monotonicity is that a small
increase in the FX rate increases the EUR value of spread payments received.
For larger moves of the FX rate this positive effect is outweighed by the increases
in defaults due to the increased payment obligations of customers. For the bad
quality B+ portfolios the positive effect of a small FX rate increase persists only
up to a maximal Maha radius of k = 1.

Fourth, one could ask why the effort to search for worst case scenarios is
necessary to identify key risk factors. Wouldn’t it be easier to read the key risk
factors from Fig. 1? This would be true if losses from moves in different risk
factors added up. But for our portfolio the worst case is a simultaneous move
of several risk factors—and the loss in this worst case might be considerably
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worse than adding up the losses resulting from moves in single risk factors. The
effects of simultaneous moves are not reflected in Fig. 1, but they do show up
in the worst case scenario.

As an example consider a BBB+ FX loan, and assume we are restricting
ourselves to moves with Maha smaller than k = 4. From Table 2 we see that
the MLC of the three single risk factors sum up to 0% + 0% + 34.4%, which is
considerably lower than 100%. In contrast, the MLC of a simultaneous move of
the interest and exchange rate is 85.4%. The loss of a joint move is considerably
larger than sum of losses of individual risk factor moves. Fig. 1 does not reflect
the loss potential from simultaneous moves but only the effects of single risk
factor moves.

Figure 1: Key risk factors of foreign currency loans. Expected profit or loss of
a single B+ foreign currency loan as a function of changes of the macro risk factors with
other macro risk factors fixed at their expected values. Obviously the foreign portfolio
the exchange rate is the key risk factor. We also observe the negative effect of small
foreign currency depreciations.

5 Hedging

In the previous Section macro worst case analysis was applied to identify key
risk factors of the portfolio. If a bank decides that it does not want to take
the risk of this portfolio it can buy insurance. Knowing that for the FX loan
portfolio the key risk factor is the exchange rate, and that the dependence of
CEP has the shape of a short put (see Fig. 1), it is natural to construct hedges
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Table 2: Systematic macro stress tests of FX loan portfolios for admissibility
domains of different sizes. The top table gives the values of the macro factors along
with the CEP in the worst case scenario. For each risk factor the absolute value in the
worst case scenario is given along with the risk factor change in standard deviations.
The bottom table gives for each worst case scenario the Maximum Loss Contributions
of single risk factor changes and of pairs of risk factor changes. IR denotes the interest
rate r, FX the exchange rate e(1).

Worst Macro Scenario

max. GDP IR FX
Maha abs. stdv abs. stdv abs. stdv CEP

B+
1 231.72 -0.08 0.022 0.05 1.587 1.00 15 958
2 231.27 -0.10 0.032 0.69 1.420 -1.84 13 180
3 231.10 -0.10 0.035 0.93 1.363 -2.81 1 579
4 230.95 -0.11 0.039 1.17 1.306 -3.78 -26 138
5 230.85 -0.09 0.042 1.39 1.249 -4.75 -73 288
6 230.85 -0.03 0.046 1.59 1.191 -5.74 -136 009

BBB+
1 231.74 -0.07 0.022 0.02 1.587 1.00 15 409
2 231.64 -0.14 0.022 0.03 1.646 2.00 14 855
3 231.55 -0.21 0.022 0.05 1.706 3.00 14 340
4 230.92 -0.12 0.039 1.15 1.306 -3.78 -9 931
5 230.85 -0.09 0.042 1.38 1.249 -4.76 -68 163
6 230.81 -0.05 0.046 1.59 1.191 -5.74 -135 202

Maximum Loss Contribution (MLC)

max. single factor moves moves of pairs
Maha GDP IR FX GDP, IR GDP, FX IR, FX

B+
1 0.7% 0.9% 99.8% 1.6% 99.8% 99.9%
2 0.5% 2.6% 51.0% 3.4% 59.1% 89.1%
3 0.1% 0.8% 60.0% 1.1% 66.5% 91.6%
4 0.0% 0.4% 65.4% 0.5% 70.9% 93.2%
5 0.0% 0.2% 71.1% 0.3% 75.6% 95.0%
6 0.0% 0.2% 77.0% 0.2% 80.2% 96.7%

BBB+
1 0.0% 0.0% 100.0% 0.0% 100.0% 100.0%
2 0.0% 0.0% 100.0% 0.0% 100.0% 100.0%
3 0.0% 0.0% 100.0% 0.0% 100.0% 100.0%
4 0.0% 0.0% 34.4% 0.0% 44.5% 85.4%
5 0.0% 0.0% 63.4% 0.0% 69.4% 93.8%
6 0.0% 0.0% 75.7% 0.0% 79.3% 96.4%
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of long puts on the exchange rate. Such a hedge can be exactly targeted to the
portfolio dependence on the key risk factor.

One possible goal of a hedge could be to reduce the sensitivity of expected
profits on FX rate moves up to ±4σ under the assumption that the remaining
macro risk factors take their expected values. A hedge achieving this for the
B+ portfolio is the following:

type underlying strike quantity

long European call CHF/e 1.53 80
long European put CHF/e 1.45 620
long European put CHF/e 1.40 1000
long European put CHF/e 1.36 1250
long European put CHF/e 1.33 1470
long European put CHF/e 1.30 1580

The total price of the hedge is e 8.53, which amounts to around 5.3% of the
expected profit from a loan. For the BBB+ loan one possible hedge is the
following:

type underlying strike quantity

long call CHF/e 1.40 90
long put CHF/e 1.35 1280
long put CHF/e 1.33 2000
long put CHF/e 1.31 2450

The total price of the hedge is e 15.34, which amounts to slightly less than 9.6%
of the expected profit from a loan.

The construction of the hedge is illustrated in Fig. 2. The dashed line rep-
resents the expected profit of the hedged portfolio. For FX rate moves in the
range [−4σ, 4σ] the expected profit of a single hedged B+ FX loan stays very
close to e 158, as compared to a drop in expected profit to -e 240 suffered by
an unhedged B+ FX loan if the exchange rate falls by 4σ. For exchange rates
moves larger than 4σ, the expected profit of the hedged loan leaves the corridor
and drops drastically.

The hedge was designed to immunise the expected profit against moves in
the FX rate. How does the hedged portfolio fare in the worst case analysis?
Table 3 gives the results.

First, worst expected profits are strongly improved. For example, over the
admissibility domain with Maha radius k = 4 the hedged B+ portfolio has
a worst expected profit of -e 6 135 as compared to -e 26 138 for the original
portfolio. This indicates that FX risk has been hedged partially but not fully.
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Figure 2: Expected profit or loss of a single foreign currency loan as a function of the
exchange rate, for the original and the hedged portfolio. The hedge was constructed to
keep expected profits in a narrow corridor in case the exchange rate moved up to ±4σ
and the other macro risk factors took their expected values. The dashed line represents
the expected profit of the hedged portfolio. Under these prescribed exchange rate moves
the expected profit of the hedged B+ FX loan stays close to e 158.

Second, risk factor moves in the worst case scenario are more balanced.
Measured in standard deviations, the largest risk factor move is smaller and
the other risk factor moves are larger. Correspondingly, the MLC values of the
exchange rate moves are smaller. This shows the reduced dominance of the FX
rate as most relevant risk factor.

Third, for small admissibility domains (Maha smaller than k = 2 for the B+
portfolio) the worst expected profit of the hedged portfolio is worse than for
the original portfolio. This is because of the price of the option. The price of
the option is higher than the payoff for small risk factor moves. In Fig. 2 this
is reflected by regions in which the expected profit of the original portfolio is
higher than for the hedged portfolio.

Finally, we observe that for the hedged FX loans single risk factor have a
low MLC.2 Maximum Loss cannot be explained by the moves of single risk
factors, but just by the simultaneous move of exchange and interest rate. This
indicates that exchange rate moves contribute substantially to losses if interest
rates rise simultaneously, although the loss potential of pure FX moves alone

2This is true for ellipsoids large enough so that the worst case scenario is in the direction
of lower exchange rates. For small ellipsoids the worst case scenario is in the direction of
increasing exchange rates. In that range the exchange rate is the unique dominating risk
factor.
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has been hedged almost perfectly. The FX hedge works fine only if the interest
rate remains at its expected value.

6 Conclusion

In this chapter we used systematic stress tests to design hedges for variable rate
FX loans. The worst case analysis of the hedged portfolio indicates that FX
risk has not been fully hedged. The remaining risk stems from two sources:
First, the hedge immunises only expected profits, but not unexpected changes
due to variations in the idiosyncratic payment abilities. Defaults beyond the ex-
pectation open up a foreign currency position which is vulnerable to FX moves.
Second, expected profits were hedged against FX moves only under the assump-
tion that the other macro risk factors take their expected values. If, however,
the foreign interest rate does not take its expected value the hedge works only
partially.

This is illustrated in Fig. 3, which shows expected profits of the hedged B+
portfolio as a function of FX and the foreign interest rate. If the interest rate
is higher than its expected value, expected profits are not fully hedged against
FX rate changes.

A proper hedge against FX risk requires positions which pay off if the FX
rate and the interest rate increase simultaneously. Figure 3 shows the cross de-
pendence of interest rate and exchange rate in FX loans. This cross dependence
cannot be hedged with any combination FX options and interest rate options.
But it could be hedged with currency translated interest rate option.

These hedges reduce the sensitivity of expected profits to moves in the FX
rate and the interest rate. They will not fully remove dependence of unexpected
losses on FX and interest rate. Defaults beyond the expected level are triggered
by variations in the idiosyncratic payment ability. Such defaults create addi-
tional exposure to FX and interest rate moves. This would require an FX hedge
conditional on the realisation of idiosyncratic credit risk.
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Table 3: Systematic macro stress tests of the hedged FX loan portfolios
for admissibility domains of different sizes. The top table gives the values of the
macro factors along with the CEP in the worst case scenario. For each risk factor the
absolute value in the worst case scenario is given along with the risk factor change in
standard deviations. The bottom table gives for each worst case scenario the Maximum
Loss Contributions of single risk factor changes and of pairs of risk factor changes. IR
denotes the interest rate r, FX the exchange rate e(1).

Worst Macro Scenario

max. GDP IR FX
Maha abs. stdv abs. stdv abs. stdv CEP

B+ hedged
1 231.35 -0.11 0.029 0.54 1.482 -0.80 15 388
2 230.67 -0.28 0.041 1.29 1.449 -1.37 13 188
3 230.21 -0.38 0.048 1.74 1.397 -2.26 7 124
4 229.56 -0.56 0.058 2.42 1.360 -2.91 -6 135
5 229.43 -0.54 0.062 2.72 1.299 -3.95 -27 651
6 228.89 -0.66 0.073 3.40 1.259 -4.64 -53 496

BBB+ hedged
1 231.74 -0.07 0.022 0.02 1.587 1.00 15 884
2 231.67 -0.13 0.022 0.03 1.646 2.00 15 863
3 230.27 -0.88 0.017 -0.22 1.649 2.03 15 863
4 230.11 -0.40 0.048 1.75 1.327 -3.46 -4 547
5 229.17 -0.63 0.064 2.86 1.307 -3.81 -37 248
6 229.24 -0.55 0.068 3.09 1.242 -4.91 -69 866

Maximum Loss Contribution (MLC)

max. single factor moves moves of pairs
Maha GDP IR FX GDP, IR GDP, FX IR, FX

B+ hedged
1 6.7% 28.8% -36.7% 38.3% -11.9% 67.2%
2 1.6% 8.1% 17.0% 11.6% 29.7% 77.4%
3 0.6% 3.6% 4.9% 5.5% 19.9% 73.7%
4 0.4% 2.5% 1.9% 4.0% 17.3% 73.0%
5 0.2% 1.6% 1.1% 2.5% 17.7% 76.9%
6 0.2% 1.5% 2.4% 2.6% 19.4% 79.1%

BBB+ hedged
1 0.0% 0.0% 100.0% 0.0% 100.0% 100.0%
2 0.0% 0.0% 100.0% 0.0% 100.0% 100.0%
3 0.0% 0.0% 100.0% 0.0% 100.0% 100.0%
4 0.0% 0.0% 0.2% 0.0% 13.9% 68.4%
5 0.0% 0.0% 0.2% 0.0% 15.6% 74.2%
6 0.0% 0.0% 16.5% 0.0% 32.4% 83.9%
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Figure 3: Expected profits a hedged and an original B+ foreign currency loan as
a function of the exchange rate and foreign interest rate. We observe that the hedge
reduces sensitivity of expected profits on the FX rate almost perfectly only if the interest
rate takes its expected value (0σ). For other values of the interest rate the hedge reduces
FX risk considerably but by far not completely.
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