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Abstract

We examine a specific portfolio credit derivative, an Asset Protection Scheme
(APS), and its applicability as a tool to restore financial stability and reduce
asymmetric information. As opposed to most governmental bailout packages
implemented across the world recently, the APS can be a fair valued contract
with an appropriate structure of incentives.

Within the structural credit risk modeling framework, we apply two alterna-
tive multivariate default risk models; the classical Gaussian Merton model and a
model based on Normal Inverse Gaussian (NIG) processes. Exchanging the nor-
mal factors in the Gaussian model with NIG factors adds more flexibility to the
distribution of asset returns while retaining a convenient correlation structure.

Using a unique data set on annual, farm level data from 1996 to 2009, we
consider the Danish agricultural sector as a case study and price an APS on an
agricultural loan portfolio. Moreover, we compute the economic capital for this
loan portfolio with and without an APS.
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1. Introduction

In the aftermath of the financial crisis, many banks are highly exposed to
the credit risk of certain distressed sectors and fear severe losses which may
threaten their survival. To cope with this increased uncertainty, the banks need
more buffer capital. However, the informational asymmetries inherent in banking
relationships suggest that urgent recapitalization may be prohibitively costly or
impossible. Consequently, the market for borrowing and for raising new equity
capital for banks may collapse and lead to a credit crunch for both banks and
their borrowers.

In such an unfavorable situation, the government may wish to interfere if
it considers the given sector “too big” or “too important” to fail. We suggest
that any interference should fulfil at least one of the two following objectives.
First, it should reestablish confidence in the banks’ balance sheets and decrease
asymmetric information, hereby easing the issuing of new equity capital. Second,
it should release bank capital which should enable lending to financially healthy
borrowers, helping these to invest and be innovative.

For this purpose, we analyze a particular portfolio credit derivative, the Asset
Protection Scheme (APS), and provide a practical application of this instrument
using the Danish agricultural sector as a case study. The APS was initially in-
troduced by the regulatory authorities in the UK as a response to the financial
crisis, and it is a type of credit derivative which intuitively can be considered
as an insurance contract covering part of the default risk in a loan portfolio. A
governmental insurance contract covering extreme market events can be a con-
venient political tool to meet the objectives stated above. An APS can be fairly
priced and non-subsidiary as opposed to most governmental bailout packages
implemented across the world recently.

More specifically, the APS has the cash flows as follows. If we consider an
insurer who sells an APS to a bank, then the bank pays a fixed fee to the insurer
on a regular basis in return for compensation in case the loan portfolio losses
exceed a predefined threshold. If this threshold is exceeded, a given fraction of
the subsequent losses remains the liability of the bank which thus retains financial
motivation to service the individual loans in the portfolio even after the insurance
contract has gone into effect.

The APS introduced above should be seen as a tool to overcome the prob-
lems arising from the informational asymmetries in banking relationships after a
negative shock to the economy. These problems are serious as the core business
of banks is to mitigate issues of asymmetric information between lenders and
borrowers as pointed out by Diamond (1984) and others (see Bhattacharya and
Thakor (1993) for a review). The consequences can be dramatic as illustrated
by the collapse of the banking markets in the wake of the financial crisis. This
collapse can be explained by the fact that equilibria in markets with asymmetric
information are inherently unstable as initially described by Akerlof (1970). In

3



such markets, even small changes in market conditions can have the consequence
that the market disappears (or reappears). In this paper, the problems in raising
new equity capital for banks after a negative shock to the economy is addressed.
If banks cannot issue equity in economic downturns, it might lead to a severe
contraction in the supply of credit. This problem is−as demonstrated in Repullo
and Suarez (2008)−aggravated by the Basel II accord since capital requirements
prescribed for credit risk increase during downturns.

Within the structural credit risk modeling framework introduced by Merton
(1974), we consider two alternative multivariate default risk models. The first
model, included as a benchmark, is the classical approach based on Gaussian
innovations in the log asset returns. The second model seeks to capture extreme
market risk; it allows for jumps and the log asset returns have Normal Inverse
Gaussian innovations, see Barndorff-Nielsen (1997). Multivariate credit modeling
using the Gaussian model by Merton (1974)−or variations of it−already proved
itself insufficient in the early stages of the financial crisis since it failed to model
realistic loss distributions. Exchanging the normal factors in the Gaussian model
with NIG distributed factors adds more flexibility to the distributional proper-
ties of asset returns while retaining a convenient correlation structure. The NIG
process has been successfully applied in finance, see, e.g., Rydberg (1997) for
stock market modeling and Nicolato and Skovmand (2010) for interest rate mod-
eling. The NIG distribution has been used for multivariate credit modeling in
Kalemanova et al. (2007) who consider a one factor copula approach, but a mul-
tivariate structural NIG model has not previously been applied in the literature
on credit risk. However, related to the approach of this paper, a multivariate
model is proposed in a study by Luciano and Schoutens (2006) where the log
asset returns are Variance Gamma distributed.

Katchova and Barry (2005) study credit risk of agricultural lending within
the structural Merton model and estimate capital requirements for agricultural
lenders under the Basel II framework. They show that these capital requirements
vary substantially depending on the riskiness and homogeneity of the portfolio.
However, Pederson and Zech (2009) find that the Merton model is inappropriate
for the modeling of agricultural credit risk. The authors argue that the assump-
tion of asset dynamics following geometric Brownian motions is not realistic.

Stokes and Brinch (2001) let the probability of default depend on the value of
farmland. A significant part of farm assets consists of farmland: according to the
US Department of Agriculture (2009), the average farm in the US in 2007 had
approximately 90% of its assets tied up in farm real estate and machinery. In
comparison, according to Statistics Denmark,1 the average farm in Denmark in
2007 had roughly 82% of its assets in farm real estate. Therefore, if the market
for farm land experiences a sudden negative shock, we expect that this event

1www.statistikbanken.dk
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Figure 1: The development in average farmland prices for the US, Denmark, and a number of
European countries.

will significantly affect the value of farm assets. Yan and Barry (2006) suggest,
however, that the value of farmland is non-depreciable and that agricultural de-
faults may not necessarily lead to losses for the lender. Using data from the
US Department of Agriculture on farm land values for the period from 1950 to
2002, the authors show that when the loan collateral is farmland, it is expected
to cover the loan balance with relatively high probability in case of default. Even
though this finding is historically meaningful, our current economic situation is
very likely to lead to different results.

Figure 1 shows the development in land prices in the US, Denmark, and a
number of European countries. For the US, UK, Netherlands, and Denmark,
the graphs depict a steep increase in prices during the previous six years, and
in Denmark this development has been followed by a sudden decrease. The
figure indicates that some countries may currently experience an over-valuation
of farmland and therefore may face future decreasing prices.

Sherrick et al. (2000) consider the valuation of credit risk in agricultural loans
and estimate the cost of insuring against credit risk in pools of agricultural loans.
Using an actuarial approach and contingent claim analysis, they find that the
value of such insurance depends on the size of the pool, deductibles, timing,
premiums, adverse selection, and under-writing standards. Furthermore, they
show that insurance costs are highly sensitive to these factors for small pools but
become relatively insensitive when the size of the pool grows.

Our numerical implementation of the APS valuation builds on a unique data
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set on Danish agricultural panel data. The Danish Agricultural Advisory Service
(Landbrugsraadgivningen) has generously offered us annual, farm level data for
the period from 1996 to 2009. We estimate a joint default risk model and price
an APS based on a hypothetical loan portfolio via simulation using the two
alternative models. Moreover, we compute the economic capital for this loan
portfolio with and without an APS for the two models. Brief descriptive statistics
offer intuition on the development in the sector during the past 14 years, the
period of time where a price bubble seems to have emerged in farmland prices
(see Danmarks Nationalbank (2009)).

The contribution to the financial literature on credit risk is the empirical
analysis of a unique data set on agricultural loans. Moreover, we demonstrate how
to apply a multivariate structural NIG model to credit risk. The contribution to
the banking literature is the suggestion of how to use a specific credit derivative
with a desirable structure of incentives to cope with asymmetric information
problems in banking when market conditions are extreme. Finally, the paper
contributes by suggesting how to address the serious problems concerning the
financial side of the Danish agricultural sector−or any other particular, distressed
sector experiencing similar problems.

2. Asset Protection Scheme (APS)

This section describes the APS and explains how it can be used as a fair
valued tool by financial authorities.

2.1. Construction and Motivation

The APS seller provides the buyer with protection against credit losses in-
curred on a given portfolio when the losses exceed a specified “first loss” thres-
hold α1 in return for a fee. If the first loss level is passed, the protection
seller covers (1− α2) of the following portfolio loss while the buyer still bears
the residual loss, α2. Figure 2 shows a stylized version of the APS structure.
For a description of the properties and terms of the APS contracts implemented
in the UK, see The Royal Bank of Scotland Group (RBS) (2009), HM Treasury
(2009a), and HM Treasury (2009b).

The covered assets remain on the balance sheet of the protection buyer who
economically and legally still owns the assets. The first loss threshold α1 serves
as a deductible, which is a common feature of insurance contracts. After the first
loss threshold is exceeded, the protection buyer still covers a fraction α2 of the
further losses and thus retains an appropriate structure of incentives to continue
the diligent management of the loan portfolio. Since the APS slices portfolio
credit risk into tranches similar to a Collateralized Debt Obligation (CDO), we
use the corresponding terminology. Figure 3 shows the tranche loss as a function
of the number of defaults in the underlying portfolio.
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Figure 2: The figure shows how the APS covers extreme losses in a loan portfolio. The
APS takes effect if the portfolio loss exceeds a given first loss threshold α1. In this case,
the bank still covers a fraction α2 of the following losses and thus retains an incentive
to maintain the portfolio.

Generally, the covered assets can be of any asset class; residential mortgages,
consumer finance, bonds, loans, structured products, or derivatives. In case of a
governmentally issued APS, the underlying portfolio would typically represent a
certain distressed sector related to the current financial climate.

2.2. The APS and Financial Stability

In the following, we describe circumstances under which financial authorities
can apply the APS as a tool to enhance financial stability. In particular, we
consider two situations where the APS can be useful.

The first case was illustrated during the financial crisis by the collapse of
banks’ funding in the money market. After a major negative shock to the econ-
omy, the market for bank lending may experience an increase in asymmetric
information and face undesirable consequences. Banks with lower quality loan
portfolios are more interested in issuing equity than banks with higher quality
loan portfolios, and this may result in prices for new equity being prohibitively
high. Consequently, the market for bank equity capital may experience large
price discounts−or even a market collapse−when increases in banks’ buffer cap-
ital and access to the money market funding are most needed. An APS can help
free up liquidity in the secondary markets by substantially reducing the tail risk
of losses of the insured institution, hereby allowing it to stabilize its capital base
and in an orderly manner decrease leverage over time.
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Figure 3: The figure shows the tranche loss as a function of number of defaults in an
underlying portfolio of size EUR 1,000 with 100 equally weighted loans and a recovery
rate of 40%. The APS has the parameters α1 = α2 = 10%.

In this situation, the APS manages the risk of the taxpayers: if the troubled
institutions are considered “too important” or “too big” to fail, the government
may be forced to interfere with the industry when it is threatened by extreme
market events. However, when the government is the seller of the APS, the
government collects compensation for this (politically implicit) guarantee in the
form of fee payments. From the perspective of the taxpayer, the government
should prefer the formal insurance contract with this compensation instead of
the implicit guarantee.

The second case where the APS can be useful concerns the situation when a
governmental authority has taken over a troubled bank. Normally the author-
ity will try to sell the troubled loan portfolio to another, well-functioning bank,
however, due to the asymmetric information in banking relationships, it might be
difficult to find a bank willing to take over the troubled loan portfolio. In order
to ease this situation, the government can attach an APS as a state guarantee to
the troubled portfolio in order to mitigate the asymmetric information concerns.
Both the borrowers in the troubled loan portfolio and the government can benefit
from such contract. First, transferring the loan portfolio secures a banking rela-
tionship for the troubled debtors. Lack of a personal banking relationship may
have severe negative effects on already troubled loans. Second, the government
lacks banking expertise and operational systems, and therefore we expect that

8



the government has a strong interest in selling the activities of the troubled bank.
In Denmark, for example, the Financial Stability company2 is part of an agree-

ment between the Danish state and the Danish financial sector. The company
was established in October 2008 as a reaction to the financial crisis, and it han-
dles troubled banks and seeks to support the banking industry with various state
guarantees. However, an establishment like Financial Stability is a liquidation
company and does not necessarily have the banking expertise to maintain the
loan portfolio of a troubled bank.

In the following, we consider a practical application of the first case when we
perform a numerical example based on the Danish agricultural sector.

3. Credit Risk and APS Valuation

Consider a filtered probability space
(

Ω,F , {Ft}t≥0 ,P
)

where the asset value

processes Ai
t for i = 1, ...,M are adapted to the filtration {Ft}t≥0. LetK

1, . . . , KM

denote the total principal value of debt of company 1 to M at time zero. We
model the asset values as

Ai
t = Ai

0 exp
{

X i
t

}

, (1)

where X i
t is a stochastic process.

For a given tenor structure

0 = T0 < T1 < . . . < Tn < . . . , (2)

we define the default time of company i as

τ i = inf
{

t ∈ {T1, . . . , Tn, . . . } | Ai
t < Ki

}

. (3)

In this framework the defaults are modeled via the log asset returns X i
ts, and

we consider two alternative specifications: correlated Gaussian innovations and
correlated Normal Inverse Gaussian innovations.

3.1. Gaussian Innovations in the Asset Returns

Assume that the value of the assets of a company follows a geometric Brownian
motion under the physical measure. At time t the i’th company’s asset value is

Ai
t = Ai

0 exp
{

µit+ σiW
i
t

}

, (4)

where µi is the average annual log return, σi is the instantaneous volatility,
and W i

t is a Wiener process driving the development. W i
t is allowed to corre-

late with the Wiener process W j
t of company j with parameter ρi,j such that

dW j
t dW

i
t = ρi,jdt.

2http://www.finansielstabilitet.dk/en/
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The risk neutral dynamics of the asset values is found by setting the instan-
taneous rate of return equal to the risk free rate. For company i at time t, the
risk neutral dynamics is

Ai
t = Ai

0 exp
{

(r − σ2
i /2)t+ σiW

i
t

}

. (5)

In the estimation related to our case study, the parameters µi, σi, and ρi,j

for i, j = 1, . . . ,M are estimated from historical data on farm asset values, see
Section 4.2.

3.2. Normal Inverse Gaussian Innovations in the Asset Returns

In this section, we allow for more flexibility in the log asset values by letting
them have normal inverse Gaussian dynamics. Correlated NIG processes are
generated by time-changing/subordinating correlated Brownian motions with an
Inverse Gaussian (IG) process

X i
t = µiIt + δiW

i
It
, (6)

where the Brownian parts W i
t s are correlated but independent of the common IG

subordinator It. For normalization reasons, we consider an IG time-change with
E [It] = t, which leaves one parameter κ for the variance. Since It is positive, we
describe it using the moment generating function

E
[

euIt
]

= etl(u) ∀u ∈ R, (7)

where (see Cont and Tankov (2004))

l (u) =
1

κ

(

1−
√
1− 2κu

)

. (8)

From the moment generating function, the central moments of the time-change
can be found by differentiation, and they are reported in Table 1.

Table 1: Central moments of the IG process It with parameter κ.

EIt t

E (It − t)2 tκ

E (It − t)3 3tκ2

E (It − t)4 15tκ3 + 3t2κ2

The characteristic function of a Lévy process Xt has the form

E
[

eiuXt
]

= etΨ(u), (9)
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where Ψ(u) is the characteristic exponent. For an NIG process, this is given by

Ψ (u) =
1

κ

(

1−
√

1− 2iµuκ+ u2δ2κ
)

, (10)

which can be used to find the central moments of the NIG process. Table 2
reports the central moments of both the Gaussian and the NIG process.

Table 2: Central moments of the Gaussian process with parameters µ, σ and the Normal Inverse
Gaussian process with parameters µ, δ, κ.

Gaussian NIG
EXt µt µt

E (Xt − µt)2 σ2t δ2t + µ2κt

E (Xt − µt)3 0 3δ2µκt+ 3µ3κ2t

E (Xt − µt)4 3σ4t2 3δ4κt + 15µ4κ3t+ 18δ2µ2κ2t+ 3 (δ2t+ µ2κt)
2

Assume that under the physical measure the asset value follows an exponential
Lévy process

Ai
t = Ai

0 exp
{

X i
t

}

, (11)

where X i
t is an NIG process with parameters δi, µi, κ. In general, the process

defined in (11) will not be a martingale. We specify the dynamics of the asset
value under an equivalent martingale measure by introducing a mean correcting
drift mi. The asset value is then

Ai
t = Ai

0 exp
{

mit+X i
t

}

, (12)

where the martingale condition imposes that (see Raible (2000))

mi = r −Ψi (−i) . (13)

Denote the correlation between the Brownian motions W i
t and W j

t by ρi,jBrown.
Then the correlation between log asset returns of company i and j can be com-
puted by conditioning on It

ρi,j =
δiδjρ

i,j
Brown + µiµjκ

√

δ2i + µ2
iκ
√

δ2j + µ2
jκ

. (14)

In the estimation related to our case study, the model parameters are esti-
mated by matching the model moments in Table 2 to historical moments of the
return data on individual farmers, see Section 4.2.
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3.2.1. Simulation

Inspection of equation (6) reveals the two-step recipe for simulating corre-
lated NIG processes. First, we simulate IG distributed increments with mean
tj − tj−1 and variance (tj − tj−1) κ of the common subordinator It and denote
these increments by

∆Itj = Itj − Itj−1
. (15)

Second, we simulate the log asset returns with

logAi
tj
= logAi

tj−1
+mi (tj − tj−1) + µi∆Itj + δi

√

∆ItjZ
i, (16)

where the Z is are drawn from a multivariate standard normal distribution with
covariance matrix entries ρi,jBrown.

3.3. Pricing of an APS

Similar to a synthetic CDO tranche, an APS is a swap contract. It has the
value of the expected present value of its cash flows; the APS seller receives
periodic payments from the APS buyer (premium leg) and makes contingent
payments to the buyer if defaults exceed the first loss threshold (protection leg).
From the perspective of the buyer, the value of the APS is the difference between
the expected present value of the protection leg and the expected present value
of the premium leg.

Typically, the debt in company i consists of a mortgage and a loan in the
bank

Ki = Ki,Mort +Ki,Bank, (17)

where the mortgage lender has higher seniority. The bank thus holds the more
risky part of the debt, and the total principal value in the bank portfolio is

F =

M
∑

i=1

Ki,Bank. (18)

Then the loss process in the bank portfolio is

Lt =
M
∑

i=1

min
{

Ki −Ai
τ i , K

i,Bank
}

1{τ i≤t}, (19)

since each defaulted company, indicated by 1{τ i≤t}, has the loss of either the full
bank loan Ki,Bank or the principal value of the debt less the asset value−whatever
amount is the smallest.

We consider an APS with annual premium payments, first loss threshold α1,
and an incentive-percentage α2 (see Figure 2). The loss in the APS at time t is
given by

LAPS
t = max {Lt − α1F, 0} (1− α2) , (20)
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since the APS only experiences loss if Lt > α1F . The present value of the
protection payments for an APS with maturity Tn is

πProt = E

[

n
∑

j=1

B (0, Tj)
(

LAPS
Tj

− LAPS
Tj−1

)

]

, (21)

where B (0, Tj) is the discount factor for the maturity Tj . The present value of
the premiums equals

πPrem = E

[

n
∑

j=1

B (0, Tj) s
APS

(

F (1− α1) (1− α2)− LAPS
Tj

)

]

, (22)

where the total value covered by the APS is F (1− α1) (1− α2). The fair spread
sAPS that makes the initial value of the contract zero can be found by equating
(21) and (22), and it is given by

sAPS =
πProt

E

[

∑n

j=1B (0, Tj)
(

F (1− α1) (1− α2)− LAPS
Tj

)] . (23)

4. Estimation and Valuation

In this section, we use our data set and estimate the real world dynamics of
the farm asset values as described in (4) and (11) for our two model specifications.
From these dynamics, we derive the risk-neutral dynamics in (5) and (12) and
price an APS on our agricultural loan portfolio via simulation using the two
alternative models.

4.1. Data

Our numerical implementation of the APS valuation builds on a unique data
set on Danish agricultural panel data provided by the Danish Agricultural Ad-
visory Service (Landbrugsraadgivningen). The data set holds annual, farm level
observations for the period from 1996 to 2009 and has detailed information on
the value of assets of the individual farmer, amounts and types of debt, value of
farmland, and more. We let the agricultural loan portfolio consist of the farms
for which we have data for all 14 years. It amounts to 208 farms, and in 2009 the
bank portfolio has a total principal value of F = 702, 723, 413 DKK.

Figure 4 gives the development in average asset value, debt, and debt ratio
over the period 1996 to 2009. The top graph in the figure shows the development
in the average asset values and debt. We see that both quantities have increased
significantly during the period but that the mean asset values have decreased
since 2008 due to the decrease in farmland prices. The middle graph illustrates
the average debt ratio defined as the total debt to asset values. We see that the
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Figure 4: The figure shows the development in average asset value, debt, and debt ratio.

increasing asset values during 1996 to 2008 have caused a decreasing debt ratio,
but since 2008 the debt ratio has gone up as a consequence of the decreased asset
values. The bottom graph shows the standard deviation of the debt ratios for
each year across farmers. We observe that the homogeneity in terms of debt ratio
was high in 2006 but has decreased significantly since then. We interpret this
result as a consequence of the falling land prices. While many farmers are still
financially healthy, many farmers are now close to default, and thus the dispersion
of the rates of solvency of farmers has become larger.

4.2. Estimation of Parameters in the Asset Value Dynamics

Estimation of the parameters in the two models is performed by matching
the model moments to the empirical moments. Table 3 reports the average of
the estimated annual return, standard deviation, skewness, and excess kurtosis
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defined by

µi = EX i (24)

σi =

√

E (X i − µi)
2 (25)

si =
E (X i − µi)

3

σ3
i

(26)

ki =
E (X i − µi)

4

σ4
i

− 3, (27)

where X i is the annual log asset return of farm i.

Table 3: The average across farms of the annual return, standard deviation, skewness, and
excess kurtosis.

µ̃ 0.1120
σ̃ 0.1681
s̃ 0.7173

k̃ 1.6590

For the Gaussian model, the first two moments can be matched precisely but
skewness and excess kurtosis equal zero. Only the individual volatilities σis are
important for valuation, but for risk management purposes, the first moment also
matters. The pairwise correlations are all set equal, i.e., ρi,j = ρ for i, j = 1, ..,M
where i 6= j, and estimated as the average of the pairwise correlations, ρ̂ = 0.2146.

In order to match higher moments of the log asset returns data, we consider
the NIG framework. In the multivariate NIG model, the two free parameters µi

and δi for each name and the common parameter κ are estimated by minimizing
the objective function

M
∑

i=1

w1 (µ̃i − µi)
2 + w2 (σ̃i − σi)

2 + w3 (s̃i − si)
2 + w4

(

k̃i − ki

)2

, (28)

where w1, .., w4 are the weights given by (see Bartlett (1950))

wn = 1− n

5
. (29)

The optimal value of the common parameter is κ̂ = 0.4286 while the average
values of the two free parameters are µ̂ = 0.0594 and δ̂ = 0.1317. The correlation
between the Brownian components ρi,jBrown is found by inverting equation (14) for
a fixed pairwise correlation equal to ρ̂ = 0.2146.
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4.3. Valuation of the APS

We estimate the parameters in the two models from the data set and price
a hypothetical APS with α1 = 0.1, α2 = 0.1, maturity T = 5 years, and annual
premium payments via simulation of 1,000,000 sample paths of the two models.
The risk-free rate of return is set constant and equal to 3%. This assumption can
be relaxed but one has to bear in mind that the driving process for the interest
rate should be of the same type as the driving process in the firm assets, see, e.g.,
Cox et al. (1985) in the Gaussian case and Nicolato and Skovmand (2010) in the
NIG case.

Based on the data, we compute the spreads in the two models to

sAPS
Gaussian = 59 bp

sAPS
NIG = 41 bp.

The price for the Gaussian model is higher than for the NIG case since the NIG
model is able to match the positive skewness of the empirical distribution of the
asset value returns. This skewness results in a lower individual probability of
default which infers a lower price of the APS.

If the value of farmland is experiencing a price bubble burst, it is relevant to
consider scenarios where farm asset values decrease. Therefore, we price the APS
on the agricultural loan portfolio where the asset values have decreased 10% and
30% respectively. Based on these decreases and all other things equal, the fair
spreads are reported in Table 4 together with the spreads computed from the
2009 data (0%).

Table 4: Based on a decrease in asset values of 10% to 30%, the table shows the fair APS
spreads in the two model specifications.

Model Gaussian NIG
0% 59 bp 41 bp
10% 144 bp 111 bp
30% 770 bp 718 bp

We observe in Table 4 that as expected the spreads are increasing for de-
creasing asset values. Moreover, this increase is not linear because−when using
the option terminology−the “option to default” becomes closer to being in the
money as the asset values fall. The prices for the Gaussian model are once again
higher than for the NIG case since the NIG model matches the positive skewness
of the realized asset value returns. However, this effect becomes relatively smaller
when the asset values decrease.
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5. Capital Requirements

This section considers the capital requirements for a hypothetical bank hold-
ing the given agricultural loan portfolio, before and after the bank enters the
APS. The capital requirements of a financial institution have great impact on its
performance since it is expensive to hold more capital than necessary. We con-
sider the economic capital of the bank and comment on the minimum regulatory
capital requirements in this context.

5.1. Economic Capital

Economic capital is the risk capital that ensures the technical solvency of a
bank with a given probability over a given time horizon. The bank computes
the economic capital under the physical measure typically with a Value at Risk
(VaR) method (see Jorion (1997)).

McNeil et al. (2005) describe the economic capital as follows. The bank is
conservatively capitalized over a given time period [t, t+∆] if it holds equity E
for which it with a “high” probability β holds that

P(∆Lt+∆ − E[∆Lt+∆] < E) ≥ β, (30)

where ∆Lt+∆ = Lt+∆ − Lt is the loss in the loan portfolio over the given period
of time. When the APS is included in the portfolio, we consider the premium
payments as “losses” and add them to the total loss. The premium payments are
computed from the spreads reported in the first row of Table 4.

The economic capital (EC) is defined as the amount of capital E that makes
the inequality in (30) binding. Hence

EC = V aRβ(∆Lt+∆)− E[∆Lt+∆]

= V aRβ(∆Lt+∆ − E[∆Lt+∆]), (31)

where V aRβ is the β-quantile of the loss distribution. The economic capital is
then considered sufficient to limit the probability of technical insolvency to (1−β)
over the given time period [t, t+∆].

Equation (31) computes the contribution to the total economic capital from
the loan portfolio. In general this will overestimate the required economic capital
since it does not take into account the diversification effects from adding the loan
portfolio to the bank assets. For a fully integrated model of economic capital see,
e.g., McNeil et al. (2008).

Based on 1,000,000 sample paths, Figure 5 shows the loss distributions on a
horizon of 5 years for both the original loan portfolio (top) and for the portfolio
with an APS (bottom). The principal value of the loan portfolio amounts to
F = 702, 723, 413 DKK. The left side of the figure refers to the case where
asset values follow a multivariate geometric Brownian motion, and the right side
shows the NIG case. For the portfolio without the APS, we observe that the loss
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Figure 5: Estimated density functions for the losses on a horizon of 5 years for the Gaussian
and the NIG model with and without the APS. The VaRs are computed as the 97.5% quantiles
of the loss distributions.

distribution has a much heavier right tail for the NIG model than the Gaussian
case, resulting in a much higher VaR and expected loss. For the portfolio with
the APS, we observe that the loss distributions have two peaks. The first peak
corresponds to the losses in the retained equity tranche, i.e., the portfolio loss
from zero to α1F . The second peak arises because the losses above the threshold
level are compressed due to the fraction α2 retained by the APS buyer.

In the figure, we indicate the expected losses and VaRs reported in Table 5
from which the economic capital numbers are computed. In the Gaussian model,
the economic capitals are almost identical with or without the APS. Ignoring the
premiums paid for entering the APS, the expected loss is lower when the APS
is included while the VaRs are identical because the probability of exceeding the
threshold is lower than 2.5%. Since the premiums only shift the loss distribution
to the right, we observe the counter-intuitive result that the economic capital
is slightly higher in this case, an increase of 201,000 DKK or 0.45%. In the
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NIG model, on the other hand, the probability of exceeding the loss threshold
is greater than 2.5%, and therefore the economic capital is reduced significantly
when the portfolio includes the APS, a reduction of 31,531,000 DKK or 47.42%.

Table 5: The Expected Loss (EL), Economic Capital (EC), and the 97.5% quantile of the loss
distributions. The face value of the portfolio is F = 702, 723, 413 DKK, and the values in the
table are in DKK.

Gaussian NIG
Without APS

EL 18,047,000 41,509,000
Quantile (0.975) 62,264,000 108,000,000
EC 44,217,000 66,495,000
EC/F 6.3% 9.5%
With APS

EL 34,637,000 50,363,000
Quantile (0.975) 79,055,000 85,327,000
EC 44,418,000 34,964,000
EC/F 6.3% 5.0%

Inspection of Figure 5 indicates that the APS should be priced higher for
the NIG model contradicting the actual prices computed in Section 4.3. This
disparity occurs because the prices are computed under the risk-neutral measure
while the loss distributions used for risk management purposes are estimated
under the physical measure. As described in Section 4.2, the parameters are
estimated by minimizing the objective function in (28) which is a weighted sum
of the squared moment differences. As a result the annual expected log returns
µ̂is turns out quite differently in the NIG case (average of 0.0594) than those
of the Gaussian model where the empirical log returns are matched precisely
(average of 0.1120). This difference in the expected return is apparent under the
physical measure while unimportant under the risk-neutral measure.

5.2. Minimum Regulatory Capital

The regulatory capital is the mandatory capital that the financial authorities
specify. The banks’ minimum regulatory capital requirements−Pillar I of the
Basel II framework−are calculated as 8% of the risk weighed assets based on
a formal set of detailed rules. The Basel II minimum regulatory capital will
typically differ from the banks economic capital due to differences in model,
data, and parameters although both measures of buffer capital aim at keeping the
bank solvent in a worst case scenario based on a VaR methodology. Nevertheless,
these differences between economic capital and minimum regulatory capital will
typically be minimized as banks’ internal economic capital figures are central
to supervisors’ assessment of regulatory capital adequacy under Pillar II of the
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Basel II framework. It must also be expected that differences between economic
and regulatory capital will be further diminished as loopholes in Basel II will be
closed by the forthcoming Basel III regulatory capital requirements. Therefore,
we expect that the capital relief by introducing an APS can be based on the
changes in economic capital.

For a portfolio without the APS, the minimum regulatory capital requirement
(CR) is

CRNo APS = F · RW1 · 0.08, (32)

where RW1 is the risk weight of the assets in the portfolio, and F is the principal
value. For a portfolio with an APS, this requirement is

CRAPS = α1 · F · RW2 · 0.08 + (1− α1)α2 · F · RW3 · 0.08, (33)

where RW2 and RW3 are risk weights for the equity tranche and for the retained
fraction α2 of loss exceeding the first loss respectively.

For the minimum regulatory requirements to be reasonable, it should hold
that CRNo APS > CRAPS. The risk weights RW1, RW2, and RW3, which are
defined by the regulatory authorizes, determine whether entering an APS gives
a minimum regulatory capital relief. Hence, we argue that these risk weights
related to the APS should be specified in a meaningful manner.

6. Conclusion

We examine a specific portfolio credit derivative, an Asset Protection Scheme,
and its applicability as a tool to restore financial stability and reduce asymmetric
information. We consider the Danish agricultural sector as a case study and price
an APS on an agricultural loan portfolio. Moreover, we compute the economic
capital for this loan portfolio with and without the APS. With respect to credit
modeling, we apply two alternative multivariate models within the structural
credit risk framework; the classical Gaussian Merton model and a model based
on Normal Inverse Gaussian processes.

We argue that that the APS can serve as a convenient tool to reduce asym-
metric information and thereby help banks in raising new equity. As the financial
crises demonstrated, especially in times of financial distress, it is crucial to be
able to raise new equity capital. We find that the price for the Gaussian model
is higher than for the NIG case due to the fact that the NIG model is able to
match the positive skewness of the realized asset value returns. Finally, we find
that the reduction in economic capital when introducing the APS is greater for
the NIG model than the Gaussian case.

Of these two models, we suggest that the NIG is used for both risk manage-
ment and pricing of the APS since this model is more flexible and able to describe
extreme market risk. Furthermore, the economic capital numbers computed in
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our example indicate that the Gaussian model is not suitable since the economic
capital increases after entering the APS.
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