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Abstract

This paper proposes a method to estimate the expected expo-
sure (EE) parameter for the risk measure Credit Value Adjustment
(CVA). CVA is defined as the difference between the risk free port-
folio and the true portfolio value accounting for the probability of
counterparty default. In this paper six different STIBOR maturities
are used as the risk free rates. The maturities have been modeled
for under a Vector Error Correction approach to capture mean re-
version and volatility parameters. These estimated parameters were
then used in the Cox-Ingersoll-Ross interest rate model to simulate
future paths for every node in the sample STIBOR yield curve. The
future EE has then been visualized through gaussian kernel den-
sities. Lastly the EE was valued at four different time nodes in
Forward Rate Agreement’s (FRA) under naive settings, in order to
evaluate the proposed method. The results shows that counterparty
credit risk in the FRA’s can be substantial.

Keywords: Counterparty Credit Risk, Credit Value Adjustment,
Expected Exposure, Vector Error Correction, Cox-Ingersoll-Ross,
Monte Carlo simulation, Forward Rate Agreement
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1 Introduction

Although counterparty credit risk (CCR) has been around for a long time,
it became evident during the financial crisis that the understanding of it
was poor Arora et al. (2012). When an institution has a positive value
on it’s contract with a counter party in the OTC market, the institution
is exposed to CCR, since a probability exists that the counter party will
not be able to meet the commitment due to default. This became a huge
problem during the financial crisis and the Basel Committee of Banking
Supervision (BCBS) therefore proposed a substantial strengthening of
credit risk framework in Basel III. One big difference between Basel II
and III is that they have proposed a larger capital requirement for risk
weighted assets. This will lower the probability of that institutions are not
able to meet their obligations, hence lower the probability of default.

Institutions frequently trade with various derivatives in different markets,
e.g the OTC market. When an institution is engaged in the OTC market,
it is exposed to counterparty credit risk. One contract that is frequently
traded in the OTC market is the Forward Rate Agreement (FRA). The
contract is based on that one party pays a fixed rate while the other
party pays a floating rate e.g. the STIBOR on a notional amount and
then settle at the contract start. Because one party will, usually, benefit
from the agreement it will be exposed to credit risk. Therefore predicting
the underlying yield curve is key for getting a estimate on future risk and
exposure, see Backus et al. (2001), Estrella and Mishkin (1996).

Counterparty credit risk differs from other forms of financial risk in the
sense that CCR is based on uncertainty in both future exposure and
it’s bilateral nature Gregory (2009). The uncertainty in future exposure
stems from the simple fact that the path for the floating rate in a e.g.
FRA contract is uncertain, making it hard to assign future values for
the contract. The bilateral nature is based on the fact that there is a
probability that both parties can default. Therefore the institution can
never be certain to receive the exposed amount in the FRA if their yield
curve play strategy has generated a positive amount in the contract since
the counterparty might not be able to meet it’s obligations.

Evidently modeling for credit risk exposure is key for credit risk divisions
at institutions. The exposure can be summed as the maximum of the
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contracts market value and zero. The expected exposure at time t for
one contract can be expressed as E(t) =max(V (t), 0), where V (t) is the
market value of the contract at time t and zero is the situation where the
contract is not worth anything for the institution. If an institution has
more than one contract with a counterparty the maximum loss becomes∑
E(t) =max(

∑
V (t), 0). That is, the exposure is additive for every

contract that the institution has engaged in and the maximal loss is the
sum of the future market value.

Because the CCR can be large, institutions constantly look for ways
to reduce the risk taken. One popular way is to engage in netting
agreements (NA), which allows the institution to net out contracts with
it’s counterparty in the event of default. If an institution has engaged
in netting agreements the expected future exposure can be written as∑
E(t) =maxNA(

∑
V (t), 0)+maxNO NA(

∑
V (t), 0). The risk is thereby re-

duced since maxNA(
∑
V (t), 0)+maxNO NA(

∑
V (t), 0) < max(

∑
V (t), 0).

However over the last years a new measure called Credit Value Adjust-
ment (CVA) has become popular. The standard practice has been to dis-
count cash flows with the LIBOR yield curve and refer to it as risk free
portfolio values. But CVA takes into account the probability of counter-
party default and is therefore by definition the difference between the risk
free portfolio and the true risk free portfolio that takes the possibility of
counterparty default into consideration. In other words, CVA is a way
to put a price on counterparty credit risk and incorporate it in the risk
model. The CVA calculation consists of three parameters namely loss
given default (LGD), expected exposure (EE) and probability of default
(PD). The measure has become very popular since the financial crisis due
to it’s incorporation of the possibility of counterparty default.

The purpose of this paper is to create a model for the expected exposure
parameter in the CVA calculation. This will be done by creating a Vector
Error Correction model for the STIBOR yield curve. The parameters
from that model will serve as estimates for the Cox-Ingersoll-Ross model
where the STIBOR yield curve will be simulated under a Monte Carlo
simulation approach. The exposure will be valued in a FRA with the
simulated values at different time nodes.
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2 Earlier studies

Earlier studies within the field of credit risk is extensive. There seems to
be an even mixture of theoretical and applied papers that try to model
how institutions are affected by credit risk and counterparty defaults.
However the author could not find any papers that explicity regard EE.
This is perhaps due to the fact that institutions who are concerned with
credit risk use internal models to predict the parameter. It might also
have to do with the fact that CVA is a relatively young measure and
it’s parameters have therefore not been studied extensively so far. The
following earlier studies should provide the reader with insight of how
important credit risk control is.

When one party defaults it often affects other parties that have some
connection to the defaulting party. The other parties might be affected
so severely that they in turn default, and by that a domino effect has
started. The phenomenon is known as credit risk contagion. The mat-
ter was studied by Jorion and Zhang (2009) where they find that CCR
is potentially the cause of credit risk contagion. That is, institutions
with large exposures are more likely to be directly or indirectly affected
by financial distress if a default occurs. The distress is caused by rating
downgrades, poorer customer relationships and larger credit default swap
(CDS) spreads. Further they find that industrial institutions are affected
more than financial institutions as their cliental is less diversified. Dur-
ing the financial crisis, credit risk contagion was a enormous problem.
Pais and Stork (2011) find that the financial crisis mainly increased the
probability of bank and property default in Australia.

CDS spreads are often viewed as default risks, where a larger spread
indicates that the market believes the probability of default is higher.
The impact of changes in credit rating towards CDS spreads has been
studied by Finnerty et al. (2013). They find that rating upgrades has
a significant impact on CDS spreads but the same consistency cannot
always be inferred with down grades. They argue this might be due to
the fact that credit rating upgrades are not as anticipated as downgrades,
which might create a skewness. Afonso et al. (2012) conducted a similar
study for european government bond yield spreads. They find that credit
rating downgrades have a larger impact on the spread in comparison to
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credit rating upgrades. The question if CDS spreads can serve as a viable
substitute for credit ratings has been studied by Flannery et al. (2010).
They find that CDS spreads are more dynamic and thus provide the
market with credit risk information quicker than credit ratings.

For many years the standard practice has been to discount the LIBOR
curve and refer to it as the risk-free rate. However this approach does not
incorporate the possibility of counterparty default and the CVA measure
is therefore defined as the true portfolio that takes counterparty default
into account. Unlike risk measures such as Value at Risk (VaR), CVA has
a additive property. This property enables the institution to aggregate
CVA allocations with multiple counterparties. A more detailed discussion
of CVA can be found in Dilip (2012) or Blanco and Pierce (2012). Kjaer
(2011) provides methodology for deriving CVA under a forward agreement
where the results indicate that CVA varies hugely depending on what
agreement is between the two parties.

As stated CVA is roughly based on three parameters, namely LGD, EE
and PD. Every one of the parameters are tedious to calculate and there are
various approaches. Of course the primary concern in this paper will be
around the EE parameter. Pykhtin and Rosen (2011) propose a method-
ology for allocating CVA to individual trades. Their result states that
the calculation of CVA allocation could be made more straight forward
by only calculating contributions of individual trades to the expected ex-
posure conditional on PD for the counterparty. They also suggest that
the conditional EE methodology can be incorporated into an existing
simulation process for exposures. The Monte Carlo simulation method
for obtaining EE is by far the most widely used. However Pykhtin (2010)
proposed a semi-analytical method for calculating collateralized EE. The
method was tested against a Monte Carlo approach, where the results
stated that the semi-analytical approach was often excellent.
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3 Methodology

3.1 Vector Error Correction Model

Assume that rit represents the different STIBOR maturities where i in-
dicates days to maturity and t = 1 indicates the first time point of the
loan. This means that r1,1 represents the STIBOR tommorow next (STN)
interest rate with starting point at the first time period. The data set for
this paper contains i = [1, 7, 30, 60, 90, 180]. Under the assumption that
the different STIBOR maturities have Cov(ri,t, ri+x,t) 6= 0 where x is a pos-
itive integer, the interest rate can be described by a vector autoregressive
(VAR) model.

ri,t = Φri,t−p + zt (1)

Where

ri,t =

 r1,t
...

r180,t

 ,Φ =


Φ1,1 Φ1,2 . . . Φ1,K

Φ2,1 Φ2,2 . . . Φ2,K
...

... . . . ...
Φ180,1 Φ180,2 . . . ΦK,K

 , ri−t−p =


r1,t−1 r1,t−2 . . . r1,t−p
r7,t−1 r7,t−2 . . . r7,t−p
...

... . . . ...
r180,t−1 r180,t−2 . . . r180,t−p



, zi,t =


z1,t
z7,t
...

z180,t


It is seen that Φ is the KxK dimensional matrix containing autoregressive
terms for i=[1,7,30,60,90,180]. Thus the empirical matrix will maxi-
mally have a 6x6 dimension. Further we have that zi,t is a time invariant
white noise 6x1 dimensional process with E(zi,t) = 0 and E(zi,tz

T
i,t) =

∑
z.

To find the correct number of lags to include in the model, the Schwarz
Information Criterion is appropriate to use since the probability of lag
misspecification converges to zero with an increasing sample size.

When the appropriate amount of lags has been chosen, it is necessary to
analyze whether the process is stable. This does not include parameter
stability but stability in the system of equations since we are now dealing
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with a set of difference equations. One way to analyze this is through
eigenvalues. If they are smaller than one in absolute value we can say
that the system of difference equations is stable.

It is reasonable to believe that the different STIBOR maturities depend
upon each other in some way, making VAR an appropriate model. How-
ever studies such as Chih-Kai and Tsangyao (2012), Barros et al. (2012),
Jae H and Inyeob (2011) state that interest rate models should have a
mean reversion part. The first step to model for mean reversion is to
analyze whether the different maturities are co-integrated, a term first
coined by Granger (1981) and further analyzed in Engle and Granger
(1987). However their tests were done for two series and since this paper
is concerned with a multivariate setting, their tests are not appropri-
ate. Johansen (1991) extended the analysis to models where there can
exist more than one co-integrated relationship, such as it might in this
paper.

We can then write the model as

∆ri,t = αβri,t−p + Γp∆ri,t−p + zt (2)

Where, ∆ is a difference operator, Γ is a matrix containing long-run im-
pacts such that Γ = (I −ΦK) and the matrices αβ determine how many
long-run relationships there are in the interest rate variables. We have
that α is a loading matrix and the parameter matrix β determines the
coefficients for the long run relationship. While the Engle and Granger
approach uses a unit root test to analyze the existence of co-integrated
relationships, the Johansen approach is analyzed through either eigen
values or a trace test.
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3.2 The Cox-Ingersoll-Ross interest rate model

When the different STIBOR maturities has been modeled for, they should
be simulated. This is because the interest rate can take numerous paths in
the future and if an institution is interested in future exposure, multiple
scenarios should be run. Many different interest rate models have been
developed over the years and one of those was introduced in Cox et al.
(1985), called the Cox-Ingersoll-Ross (CIR) model1. It is based on interest
rate model introduced by Vasicek (1977) but it should ensure non negative
interest rates, and as the Vasicek model is has an mean reversion part
which makes it work well with the VECM model.

∆ri,t = ωi(µi − ri,t−1)∆t+ σi
√
ri,t−1dW (3)

Equation 3 is a discrete verision of the CIR model where ∆ is a difference
operator, ωi is the maturity mean reversion, µi is the maturity equlibrium,
σi is the volatility for the specific maturity and dW is a Wiener process.
The parameters ω and σ can be obtained from the VECM model and µi
can be estimated by an average of an adequate sample size. It is seen that
if µi > ri,t−1 the mean reversion parameter ω and the time parameter t
will move the path downwards, vice versa. The model also assures non
negative interest rates, which is a possibility in the Vasicek model, since
the square root of the past interest rate is included. Further the model
also ensures ri,t to be non zero. To simulate the interest rate for future
periods we simply re-agarrange the difference operator such that

ri,t = ωi(µi − ri,t−1)∆t+ σi
√
ri,t−1dW + ri,t−1 (4)

It is seen that equation 4 can be simulated for multiple periods ahead. It
can also be simulated multiple times, creating different potential paths for
the STIBOR interest rate. One appropriate method is to draw stochastic
values for dW with Monte Carlo simulations.

1Examples of other interest rate models is the Rendleman and Bartter Model, the
Vasicek Model, the Ho-Lee Model, the Hull-White Model and the Black-Karasinski
Model. However the CIR model was chosen because of it’s simpler methodology.
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The CIR model also provides a term structure for calculating prices of
zero coupon bonds at time t, such as for a FRA with a STIBOR as the
underlying floating rate.

P (t, T ) = A(t, T )e−B(t,T )r(t) (5)

It is seen that the bond prices at time t under the CIR calculation is
based on two functions, A(t, T ) and B(t, T ). Those are two functions that
are based on parameters from the CIR interest rate model and have the
following structure.

A(t, T ) =

(
2γe(ω+γ)(T−t)/2 − 1

(γ + ω)(eγ(T−t) − 1) + 2γ

) 2ωµ

σ2

B(t, T ) =
2(eγ(T−t) − 1)

(γ + ω)(eγ(T−t) − 1) + 2γ

γ =
√
ω2 + 2σ2

Looking at the structure it is obvious that each parameter in the CIR
model has a great impact on the STIBOR price. We also see that the
price will be higher if 2ωµ > σ2 the price will be higher, vice versa.
However this would also imply a possibility of a zero interest rate in the
CIR model.
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3.3 Credit Value Adjustment

As described in the introduction, CVA is the difference between the risk
free portfolio value and the true portfolio value accounting for counter-
party default. There exists two types of CVA perspectives, unilateral and
bilateral. In the unilateral case it is assumed that the institution who
carries out the analysis cannot default while the bilateral analysis takes
into account that both parties can default. The obvious problem with
the unilateral approach is that the issuing institution will always require
a credit risk premium from the counterparty since they are immediately
exposed to credit risk.

First, let E(t) denote the institutions exposure towards the counterparty
at some period ahead t. If the counterparty defaults, the institution will
be able to recover a fraction of the exposure. We denote this fraction
as (1 − ζ). This means that if ζ = 0, all of the exposure is recovered
if a counterparty default occurs. The counterparty default loss can be
discounted as

D = 1(τ<T )(1− ζ)
θ0
θτ
E(τ) (6)

Equation 6 states the discounted loss at time τ for a contract that matures
at time T. Further we have that θ0 is the value of the contract today under
the interest rate at maturity τ and 1 is a indicator variable that takes the
value 1 if the counterparty defaults and 0 otherwise. With this function
stated, the CVA function

CVA = E[D] =

∫ T

0

(D)dPD(0, t) (7)

It is seen by equation 7 that CVA is based on the expected discounted
loss, given that the boolean operator is true. The term dPD(0, t) states
the probability of counterparty default for the given period. The cal-
culation for CVA stated above can be quite tedious to carry out due to
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the look of the discounted loss function. However if we assume indepen-
dence between exposure and counterparty credit risk, the equation can
be simplified.

We denote the risk-neutral discounted exposure at time t by EE(t) such
that

EE(t) = E

(
θ0
θt
E(t)

)
We then have that

CVA = (1− ζ)

∫ T

0

EE(t)dPD(0, t) (8)

One difference in calculation between equation 7 and 8 is that the latter
requires simulations. One method for simulation discounts is to use the
CIR model in equation 3 and then price the instrument with equation 5.
For this paper the instrument will be a derivative with STIBOR as the
underlying product. It should be apparent that the focus of this paper
is to model for the term EE(t). This will be done for different horizons
to analyze how the expected exposure changes over time for the same
underlying derivative.

In clearer and rougher terms equation 8 can be written as

CVA = LGD ∗ EE ∗ PD

We see that roughly put, three parameters need to be estimated before
CVA can be calculated. Namely loss given default, expected exposure
and probability default. The LGD parameter is perhaps the easiest one
to calculate but it requires insight in the institutions operations, which
makes it hard to calculate from an academic point of view. The prob-
ability default can be as stated, estimated with CDS spreads. The EE
parameter can be estimated by the combined theoretical framework in
this paper.
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3.4 Forward Rate Agreements

A FRA is a simple OTC agreement, which ensures that a specified interest
rate will be payed or received to a institution on a notional amount. That
is, one part receives a fixed interest rate while the counterparty pays a
floating interest rate and is therefore long the interest rate. It differs
from a swap contract in the sense that the payment is only made upon
maturity, and a notional amount is therefore used instead of a principal.
The underlying floating rate is usually LIBOR but for this paper, STIBOR
will be used. The FRA is usually settled at it’s starting point and a
present value therefore has to be calculated.

Assume that party A enters into a FRA as a lender with party B who
then is the borrower for a notional amount, N . Because A is the lender,
they will receive a fixed interest rate, IA while B as the borrower will
receive a floating rate, IB. We further assume that this agreement is over
a 6 month period with start in one year. Since the agreement is over a
6 month period, the 6 month STIBOR can be used as the floating rate
IB. The exposure for party A can then be described by the following
equation

Exposure = P (t, T )[(N(IA − IB)(T2 − T1)] (9)

We see that party A will have a positive exposure if IA > IB, that is if
the fixed rate is higher than the floating STIBOR at T1. In this example
T1 = 1 and T2 = 1.5 because the agreement length is 6 months. However
since the contract is evaluated at T1 the 6 month STIBOR has to be
discounted for the period between T1 and T2, with the observed 6 month
STIBOR at T1. The STIBOR can be discounted with the CIR discount
function, P (t, T ), presented in equation 5. If the exposure is positive,
party A has a credit risk towards party B. If the equation above has a
negative value, party B has a positive exposure towards party B and is
thus exposed to credit risk.
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4 Empirical results

Looking at equation 1 we see that we need to specify the number of
autoregressive terms that should be included in the model. As suggested
in the theoretical part this has been done with the Schwarz criterion
where the number of lags according to the test are 3. The next step is
to analyze whether or not the system of differential equations is stable
or not with the help of eigenvalues. The results are shown in table 4 in
appendix. Some values are close to unity but since they are all smaller
than 1, stability is assumed.

A Johansen Co-integration test is therefore carried out to analyze whether
there are any co-integrated relationships. The results are displayed in
table 5 in appendix. It is seen that there are at most two co-integrated
relationships. Given the results a VECM is created and the results are
presented in table 6 in appendix. It is seen that STIBOR tomorrow
next (STN) has a long-run relationship with almost all maturities while
the other maturities only have a long-run relationship with STN. This
could be interpreted as that STN leads the future rates, which seems
logical since it is the shortest maturity and therefore should be most
volatile. The VECM provides a mean reversion and volatility estimate
for each maturity in the STIBOR yield curve. These estimates are as
explained in the theoretical section used in the Cox-Ingersoll-Ross (CIR)
model to simulate values for the future exposure. The tables below states
the values estimated for the CIR model, estimated kernel densities and
evaluation of a FRA at four different time nodes. STIBOR was sampled
from Datastream for the period 2005/01/03− 2013/02/27.

Table 1: Estimated constant parameters in the CIR model described in
equation 3 where i denotes time until maturity.

i=1 i=7 i=30 i=60 i=90 i=180
ω 0.050783 0.0167910 0.0083420 0.0232280 0.0219120 0.0224104
µ 0.0209268 0.0215617 0.0223237 0.0230405 0.0239924 0.0254569

∆t 0.0039682 0.0039682 0.0039682 0.0039682 0.0039682 0.0039682
σ 0.047429 0.0388115 0.033965 0.0298423 0.0254238 0.0212231
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Table 2: Gaussian Kernel densities for the different STIBOR maturities.
For example STN 6 months denotes the 6 month ahead simulated value
for STIBOR tomorrow next.
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Table 3: The first part of the table shows the estimated present value
parameters that have been stated in equation 5. The columns below
state the FRA conditions under a notional amount of $1 000 000. The
exposure is calculated as stated in equation 9. The four different time
frames represent at which time node the FRA is being evaluated and i
represents the different STIBOR maturities. The time frames have been
chosen arbitrarily.

i=1 i=7 i=30 i=60 i=90 i=180
Present value factors

γ 0.08408 0.05948 0.08082 0.04648 0.04164 0.030664
A 1.000 1.000 1.000 1.000 1.000 0.9999
B 0.0027 0.0192 0.0822 0.1641 0.2459 0.4906

Discount factor 0.9997 0.999040 0.998036 0.997595 0.996984 0.993569
6 MONTHS

Fixed rate 0.012 0.01225 0.0125 0.01275 0.0130 0.01325
Expected rate 0.01523 0.014087 0.014045 0.014438 0.014047 0.01512

Exposure $1614.52 $917.66 $771.26 $842.30 $522.05 $929.26
12 MONTHS

Fixed rate 0.014 0.01425 0.0145 0.01475 0.0150 0.01525
Expected rate 0.019210 0.019522 0.018717 0.018728 0.018019 0.018387

Exposure $5205.59 $5266.94 $4209.14 $3968.77 $3010.42 $3116.87
18 MONTHS

Fixed rate 0.016 0.01625 0.01650 0.01675 0.0170 0.01725
Expected rate 0.020713 0.022590 0.021455 0.020624 0.020141 0.020428

Exposure $7067.37 $9501.63 $7419.30 $5800.09 $4697.83 $4749.84
24 MONTHS

Fixed rate 0.0180 0.01825 0.01850 0.01875 0.0190 0.01925
Expected rate 0.021722 0.024664 0.023120 0.021548 0.021308 0.021752

Exposure $7441.82 $12816.65 $9223.36 $5583.29 $4603.26 $4979.74
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Firstly, looking at table 1 we see the estimated constant CIR model values.
Starting from i = 1 it is seen that it has a larger mean reversion, ω, than
the other maturities. It also has a far larger standard deviation, σ, than
the other maturities. Longer maturities are characterized by progressively
lower standard deviations, and higher equilibria, µ.

Secondly, looking at table 2 we see six different graphs representing the
simulated credit exposure for the different maturities at the different time
nodes. Beginning from the top left, the simulated values for i = 1 are
shown. The blue line represents the simulated values at the time node
6 months, the red at 12 months, green at 18 months and the black line
represents the simulated values at 24 months. Higher time nodes are
characterized by the density moving towards the equilibria, µ, which was
stated in table 1. This is due to the mean reversion term ,µ, in the CIR
model that moves the simulated values towards equilibrium for every
simulated time period.

By comparing the kernel densities for different maturities we can see that
longer maturities are often characterized by a densities centered further
to the right. This is mainly due to that higher maturities have higher
starting points at t = 0 since the interest rate for longer maturities is
often higher, compared to shorter maturities.

Thirdly, in table 3 we see how FRA’s are valued at four different time
nodes. For the 6 month time node it is assumed that the agreement was
entered 6 months ago and to be valued today. For the 12 month time
node it is assumed that the agreement was entered 12 months ago etc.
Therefore all agreements are valued at the same time point since FRA’s
are settled upon the first day. Looking at equation 9 we see that the
lending party is exposed to credit risk if the fixed rate is higher than the
floating rate. However for the FRA table above it is assumed that we are
the borrowing party and we are therefore exposed to credit risk when the
floating rate is higher than the fixed rate. The equation below shows how
the FRA is valued for i = 1 at the 6 month time node.

Exposure = 0.9997[$1000000(0.01523− 0.012)(1− 0.5)] = 1614.52

Where $1 000 000 is the notional amount, 0, 01523 is the expected floating

18



rate, 0.012 is the arbitrarily chosen fixed rate, 0.5 is the 6 month time
difference between t0 and t1 and 0.9997 is the discount factor that gives
us the present value of the exposure. Therefore we have derived one factor
for the CVA calculation such as

CVA = EE ∗ PD ∗ LGD
= $1614.52 ∗ PD ∗ LGD

Thus there are still two factors that remain uncertain to carry out the
full CVA calculation. This paper is, as stated, not concerned with those
factors. Those factors are very company specific and especially LGD is
virtually impossible to calculate if you are not active in the OTC market.
However it can of course be set to a constant value in order to generate
CVA at different constant values of LGD.

The fixed interest rates have been chosen arbitrarily. This is not the
convention, but choosing an appropriate fixed rate is a whole science and
it is not what this paper is focused on. The expected interest rate has
been chosen by taking the average value of the simulated interest rates
for every maturity. This method was chosen because many of the kernel
densities are far from normally distributed and taking the point where
the density was thickest would therefore be inappropriate. The author
believes that the chosen method is not flawless either but should provide
more realistic results.
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5 Conclusions

This paper has proposed an approach to estimate the expected exposure
(EE) parameter for the Credit Value Adjustment calculation (CVA). CVA
is the difference between the risk free portfolio value and the true port-
folio value in which counterparty default is accounted for. Because of
it’s incorporation of the probability of counterparty default, the measure
delivers a more realistic result and is therefore important.

Generally the risk free portfolio is discounted with the LIBOR, how-
ever this paper has studied it with samples from different six STIBOR
maturities. This has been done by creating a Vector Error Correction
Model (VECM) for the STIBOR yield curve to estimate mean reversion
and volatility parameters. These estimated parameters have then been
used in the Cox-Ingersoll-Ross interest rate model to simulate 1000 future
paths for every time node in the yield curve. The future paths have then
been visualized with Gaussian Kernel densities. The expected exposure
has been evaluated in Forward Rate Agreements (FRA) for a 6month,
12month, 18month and 24month period. Because the fixed rate in the
FRA’s were chosen arbitrarily, no empirical evidence can be drawn. How-
ever, the point of this paper was to find a technique to estimate expected
exposure, and the FRA’s have only been used as a tool to concretize the
results.

There are few applied papers on CVA2. This is most likely due to the rea-
son that the calculation requires parameters that are hard to obtain. One
way to benchmark the findings of this paper against real life situations is
to wait for the actual simulated periods to occur. That is e.g. wait for 6
months and see if the actual STIBOR is close to the expected rate that
was simulated in this paper. This can then be done for all time nodes
in the FRA, but the method is obviously far from instantaneous. The
observant reader might also have noticed that the expected rate for STN
is often higher than the expected rate for higher maturities at the same
evaluated time node. This indicates that the chosen method predicts that
"quick cash" will be more expensive than borrowing on long terms. It
should be noted that this might be to a forced model error since STN has
a far greater volatility and the rate cant exceed under 0. Therefore the

2Some of these are presented in the earlier studies section of this paper.
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downside is smaller than the upside, creating long tails on the right side
as seen in the kernels. Since the expected rate in this paper is calculated
by the average value under the kernel densities, large tails to the right of
course imply a higher expected rate.

As stated, each exposure column in table 3 represents the exposure at
different time nodes. At first sight the exposure might seem quite small
in contrast to the notional amount. However it should be noted that the
floating rate is often close to the floating rate for the scenarios above and
this of course creates a smaller exposure. In reality, especially when the
FRA is to be settled in a period far from the initial day, the difference
between the fixed and floating rate may be even over one hundred basis
points. That will leave the exposed party at a large exposure towards it’s
counterparty. Large institutions can have aggregated FRA’s for hundreds
of millions, which can create a large exposure.

Overall this paper has shown that CCR can be significant and it therefore
definitely needs to be estimated with proper models. The paper can
be extended by estimating the two other parameters LGD and PD in
the CVA calculation. However those two parameters require company
specific information. That is, for the PD part we need to know who is
the counterparty in the FRA to be able to obtain CDS spreads for that
counterparty. The LGD part could in theory be set to different constant
values to see how CVA is affected it’s different values. But for a more
exact evaluation the parameter should be obtained from company specific
information. Therefore the author suggests that if this paper is extended
in the suggested way, it should be done in co-operation with an institution
who is engaged in the OTC market in order to obtain real life data.
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6 Appendix

Table 4: Eigenvalues for equation 1 with three AR lags

0.9986971 0.9943160 0.9909735 0.9621387 0.8934702 0.6218363
0.6168898 0.6168898 0.5274067 0.5157847 0.3975478 0.3770771
0.3461301 0.3461301 0.2546414 0.1913024 0.1202771 0.1202771

Table 5: Johansen co-integration test done with the
trace method. For two co-integrated relationships at
the 5 percent significance level the critical value is
17.844. The corresponding critical value for three co-
integrated relationships is 31.256. The test therefore
states that there at at most two co-integrated rela-
tionships at a 5 percent level.

test 10pct 5pct 1pct 0.5pct
r = 5 1.00 6.50 8.18 11.65
r = 4 10.17 12.91 14.90 19.19
r =3 12.49 18.90 21.07 25.75
r =2 38.93 24.78 27.14 32.14
r = 1 133.77 30.84 33.32 38.78
r = 0 851.82 36.25 39.43 44.59
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Table 6: VECM estimations where the abbrevation
dl1 indicates the first difference and l1 indicates the
longrun parameter. Further *** indicates signifiance
at 0.001, ** at 0.05 and * at 0.1.

i = 1
Parameter Estimate Std. Error t value P-value
STN dl1 -0.385946 0.023339 -16.536 2 ∗ 10−16 ***
S1W dl1 0.729636 0.057840 12.615 2 ∗ 10−16 ***
S1M dl1 0.034953 0.139375 0.251 0.802004
S2M dl1 -0.749184 0.234558 -3.194 0.001424 **
S3M dl1 0.881252 0.239878 3.674 0.000245 ***
S6M dl1 -0.549784 0.149374 -3.681 0.000239 ***
STN dl2 -0.354122 0.023421 -15.12 2 ∗ 10−16 ***
S1W dl2 0.637093 0.052965 12.02 2 ∗ 10−16 ***
S1M dl2 -0.501924 0.139075 -3.609 0.000315 **
S2M dl2 0.108584 0.233499 0.465 0.641958
S3M dl2 0.446160 0.241033 1.851 0.064304 .
S6M dl2 -0.672388 0.150647 -4.463 8.49 ∗ 10−6 ***
STN l3 -0.462614 0.019346 -23.912 2 ∗ 10−16 ***
S1W l3 0.578859 0.030120 19.219 2 ∗ 10−16 ***
S1M l3 -0.157201 0.035707 -4.402 1.12 ∗ 10−5 ***
S2M l3 0.122183 0.048993 2.494 0.012711 **
S3M l3 -0.040292 0.036798 -1.095 0.273655
S6M l3 -0.034944 0.017739 -1.970 0.048980 **
constant -0.025599 0.004096 -6.250 4.95 ∗ 10−10 ***
i = 7

Parameter Estimate Std. Error t value P-value
STN dl1 0.041739 0.012754 3.273 0.001082 **
S1W dl1 0.076143 0.031606 2.409 0.016077 *
S1M dl1 0.322961 0.076161 4.24 2.33 ∗ 10−5 ***
S2M dl1 -0.048057 0.128174 -0.37 0.707749
S3M dl1 -0.266203 0.131081 -2.03 0.042398 *
S6M dl1 0.294097 0.081625 3.60 0.000322 ***
STN dl2 0.070780 0.012798 5.530 3.59 ∗ 10−8 ***
S1W dl2 0.012307 0.028943 0.4 0.670720
S1M dl2 -0.407006 0.075997 -5.35 9.46 ∗ 10−8 ***
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S2M dl2 0.532123 0.127596 4.17 3.16 ∗ 10−5 ***
S3M dl2 0.788434 0.131712 5.98 2.52 ∗ 10−9 ***
S6M dl2 -0.622851 0.082321 -7.56 5.71 ∗ 10−14 ***
STN l3 0.069024 0.010572 6.529 26 ∗ 10−11 ***
S1W l3 -0.152039 0.016459 -9.237 2 ∗ 10−16 ***
S1M l3 0.091385 0.019512 4.683 1 ∗ 10−6 ***
S2M l3 -0.011524 0.026772 -0.430 0.666923
S3M l3 -0.016805 0.020108 -0.836 0.403391
S6M l3 0.017205 0.009693 1.7750 .076052
constant 0.002342 0.002238 1.046 0.295486
i = 30

Parameter Estimate Std. Error t value P-value
STN dl1 0.039752 0.012080 3.291 0.001015 **
S1W dl11 -0.018898 0.029936 -0.63 0.52792 *
S1M dl1 0.255430 0.072136 3.541 0.000405 ***
S2M dl1 -0.072315 0.121399 -0.59 5 0.55145
S3M dl1 -0.356020 0.1241531 -2.86 0.00417 *
S6M dl1 0.301752 0.077311 3.9033 9.80 ∗ 10−5 ***
STN dl2 0.035562 0.012122 2.934 0.003385 ***
S1W dl2 -0.115890 0.0274133 -4.225 0.246
S1M dl2 -0.190512 0.071980 -2.64 6 0.00818 ***
S2M dl2 0.432099 0.120852 3.5750 0.00035 ***
S3M dl2 1.001505 0.1247502 8.028 6.3 ∗ 10−15 ***
S6M dl2 -0.853992 0.077970 10.95 2 ∗ 10−16 ***
STN l3 0.026155 0 0.010013 2.612 .009062 *
S1W l3 -0.021111 0.015589 1.354 0.175813
S1M l3 0.039158 0.018481 2.1193 0.034221 *
S2M l3 -0.018779 0.025357 0.741 .459031
S3M l3 -0.011394 0.019045 0.598 .549725
S6M l3 0.003298 0.009181 0.359 .719501
constant -0.001036 0.002120 1.046 0.624939
i = 60

Parameter Estimate Std. Error t value P-value
STN dl1 0.041350 0.011587 3.569 0.000367 ***
S1W dl1 -0.032762 0.028716 -1.14 0.254046
S1M dl1 0.191496 0.069196 2.767 0.005699 **
S2M dl1 -0.032613 0.116452 -0.2805 0.779460
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S3M dl1 -0.339204 0.1190941 -2.848 0.004439 **
S6M dl1 0.332585 0.074161 4.4853 7.70−6 ***
STN dl2 0.031476 0.011628 2.707 0.006845 **
S1W dl2 -0.123148 0.026296 -4.685 3 ∗ 10−6 ***
S1M dl2 -0.238358 0.069047 -3.4526 0.000567 **
S2M dl2 0.498131 0.115927 4.2970 1.81 ∗ 10−5 ***
S3M dl2 0.944822 0.1196672 7.895 6.1 ∗ 10−15 ***
S6M dl2 -0.819409 0.074792 10.95 2 ∗ 10−16 ***
STN l3 0.023228 0.009605 2.418 0.015673 *
S1W l3 0.016828 0.014954 1.125 0.260564
S1M l3 0.013216 0.017728 0.7453 0.456062
S2M l3 0.021140 0.024324 0.869 0.384892
S3M l3 0.022632 0.018269 1.239 0.215563
S6M l3 0.004852 0.008807 0.551 0.581714
constant -0.001002 0.002033 0.493 0.622128
i = 90

Parameter Estimate Std. Error t value P-value
STN dl1 0.041592 0.011515 3.612 0.000311 ***
S1W dl1 -0.046758 0.028538 -1.63 0.101475
S1M dl1 0.137563 0.068767 2.000 0.045583 *
S2M dl1 -0.040961 0.115730 -0.355 0.723422
S3M dl1 -0.384810 0.1183551 -3.25 0.001167 **
S6M dl1 0.426917 0.073701 5.793 7.97 ∗ 10−9 ***
STN dl2 0.027144 0.011556 2.349 0.018915 **
S1W dl2 -0.106994 0.026133 -4.09 4.39 ∗ 10−5 ***
S1M dl2 -0.259796 0.068619 -3.786 0.000157 ***
S2M dl2 0.485461 0.115208 4.214 2.62 ∗ 10−5 ***
S3M dl2 0.918778 0.1189242 7.726 1.71 ∗ 10−14 ***
S6M dl2 -0.770242 0.07432 10.36 2 ∗ 10−16 ***
STN l3 0.021912 0.009545 2.296 .021800 **
S1W l3 0.011955 0.014861 0.804 0.421237
S1M l3 0.024852 0.017618 1.4113 0.158503
S2M l3 0.002293 0.024173 0.095 0.924424
S3M l3 0.008953 0.018156 0.493 0.621984
S6M l3 0.007873 0.008752 0.900 0.368451
constant -0.001080 0.002021 -0.534 0.593115
i = 180
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Parameter Estimate Std. Error t value P-value
STN dl1 0.0527410 0.0121961 4.324 1.60 ∗ 10−5 ***
S1W dl1 -0.0814893 0.0302246 -2.696 0.00707 ***
S1M dl1 0.0518879 0.0728318 0.712 0.47627
S2M dl1 -0.0490839 0.1225706 -0.400 0.68886
S3M dl1 -0.2613877 0.12535071 -2.085 0.03717 *
S6M dl1 0.4424905 0.0780571 5.669 1.64 ∗ 10−8 ***
STN dl2 0.0291065 0.0122387 2.378 0.01748 *
S1W dl2 -0.1387488 0.0276773 -5.013 5.80 ∗ 10−7 ***
S1M dl2 -0.2307260 0.0726749 -3.175 0.00152 **
S2M dl2 0.4996909 0.1220175 4.095 4.38 ∗ 10−5 ***
S3M dl2 0.9847393 0.12595402 7.818 2 ∗ 10−15 ***
S6M dl2 -0.8459908 0.0787221 10.74 2 ∗ 10−16 ***
STN l3 0.0224104 00.0101095 2.217 .0.02675 **
S1W l3 0.0187841 0 0.0157393 1.193 0.23283
S1M l3 0.0114889 0 0.0186592 0.616 3 0.53814
S2M l3 0.0106554 0 0.0256016 0.416 0.67731
S3M l3 0.0162501 00.0192290 0.845 0.39816
S6M l3 0.0016087 00.0092697 0.174 0.86224
constant 0.0005169 0.0021403 0.241 0.80920
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