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CUTTING EDGE. CREDIT PORTFOLIO RISK

challenges in trading and risk management of 
portfolios and portfolio derivatives is under-

standing where the risk is coming from – a difficulty because 
there are many underlyings. The initial objective of credit portfo-
lio modelling 10 or so years ago was simply to construct a distri-
bution of loss or profit and loss, thereby only measuring risk at 
portfolio level. More recently, it has become much easier for mar-
ket participants to hedge or securitise risk, and various financial 
instruments are available for the purpose, such as credit default 
swaps (CDSs), index derivatives and options, collateralised debt 
obligation (CDO) tranches and securitisation vehicles. The 
requirement of CDO managers and credit or loan portfolio man-
agers to deal with credit default risk has led to the development of 
two things: first, correlation models, and second, analytical tech-
niques that can handle asymmetrical risk. With correlation mod-
elling, the subject has by and large converged on the conditional 
independence (CI) framework, allowing concrete statements to 
be made about default rate volatilities and the potential losses; 
this is now used both in risk management and in pricing. As 
regards portfolio analytics, the necessity for risk measures other 
than the normal mean-variance has been understood, and it is 
well established that expected shortfall (ESF) is a good tool, as it 
is sensitive to tail risk, it is a coherent risk measure (Artzner et al, 
1999, and Acerbi & Tasche, 2002), and it provides a close link to 
the notion of tranche payouts and hence to the CDO and securi-
tisation world.

To bring together the ideas of CI, ESF and ‘where is our risk 
coming from?’, we discuss in this article the application of ESF to 
CI models and show how to give a precise quantitative measure of 
how much risk in the portfolio (model) comes from systematic 
risk and how much is residual. An immediate and useful conse-
quence of this is that it shows how much risk can be reduced by 
diversification, or how much can be hedged with portfolio instru-
ments and how much requires bespoke ones.

The above-mentioned ideas have underpinned the Basel II 
regulatory capital framework (Basel Committee on Banking 
Supervision, 2006, and Gordy, 2003) too, and although that is 
not the subject of this article it is worth a brief mention. If we 

can assume that the world is driven by a univariate risk factor A 
say, and that the A-conditional expected loss of the portfolio, 
E[Y | A], is a monotonic function of this factor, and also that 
the portfolio is ‘infinitely fine-grained’, then the portfolio loss is 
a one-to-one transformation of the risk factor: Y = E[Y | A]. The 
Basel II framework chooses a simple prescription, thereby allow-
ing the quantiles of E[Y | A] to be easily computable. Now if we 
wish to incorporate the effects of unsystematic risk (finite port-
folio; large or largish exposures) we can model the loss as Y = X 
+ U, with X = E[Y | A] (the loss of the putative ‘infinitely granu-
lar portfolio’, which need not exist in reality) and U denoting an 
independent Gaussian residual of variance σ2. The difference 
between the upper P-quantiles of X and Y is given by the granu-
larity adjustment (GA) formula (Martin & Wilde, 2002, and 
references therein):

 

VARP Y[ ] ~ VARP X[ ] −
1

2 f x( )
d
dx

σ 2 x( ) f x( )
x=VARP X[ ]  

(1)

where f is the density of X. Incidentally the shortfall-GA1 is:

SP
+ Y[ ] ~ SP

+ X[ ] +
1

2P
σ 2 x( ) f x( )

x=VARP X[ ]

which superficially appears nicer than the value-at-risk result, and 
indeed is analytically superior because the correction is always 
positive; this is one of several things that we shall be talking about 
later.2 Notice that for the purposes of the GA formulas above we 
do not need A to be univariate; however, if it is not, then it is 
generally a lot more difficult to calculate the VAR of E[Y | A]. 
From now on, we will not make any assumptions about the distri-
bution of A, or about the conditional distribution of Y on A; we 
thereby keep everything general.

Continuing from the above ideas, we start by writing:

Y = µY A + Y − µY A( )
with μY |A = E[Y | A] denoting the conditional mean of Y given A 
(so it is a random variable). It is then natural to consider the fol-
lowing expression:

E Y Y > y  = E µY A Y > y



 + remainder

thereby splitting the ESF into two parts. In general, we will not 
know the distribution of μY |A in ‘closed form’. In practice this is 
not an issue because when calculations are done one is in effect 
coming up with a large number of scenarios for A and comput-
ing the conditional mean E[Y | A] in each; the distribution of 
μY |A is then approximated by the empirical distribution of the 

Shortfall: a tail of two parts
Richard Martin and Dirk Tasche show that the 
expected shortfall, when used in the conditional 
independence framework, has an elegant 
decomposition into systematic (risk-factor-driven) 
and unsystematic parts. The theory is compared and 
contrasted with the well-known, and analogous, 
decomposition for variance

One of the

1 The ESF S+ or S− is defined by E[Y | Y > y] or E[Y | Y < y] where Y is the portfolio loss (or value) 
and y is the VAR at the chosen tail probability. In the case of Y not having a continuous distribution, 
the definition of ESF should be modified (see Acerbi & Tasche, 2002). The choice of signs >,< reflects 
the fact that Y can denote portfolio loss (use > sign) or value (use < sign). From now on, we shall stick 
with the convention that Y denotes loss, to avoid confusion later on, but clearly the theory works 
equally well with either
2 See also Gordy (2004)
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generated sample. We identify the first term as the contribution 
of systematic risk to the portfolio ESF (or the ‘systematic part’ 
for short). Incidentally, this arises as a natural consequence of 
the Fourier integral representation of shortfall, used in the sad-
dlepoint approximation (Martin, 2006). The plan for this arti-
cle is:
■ We explore the relationship between this and the well-known 
analysis of variance formula:

 
V Y[ ] = V µY A





 + E σY A

2



  

(2)

in which the terms on the right-hand side tell us how much risk 
comes from the variation of the risk factor(s) (V[μY |A]) and how 
much comes from residual risk (E[σ2

Y | A]). Hence we identify the 
‘remainder’ term in the above equation as the contribution to 
unsystematic risk. For a multivariate normal portfolio model, and 
for elliptical distributions (such as Student-t), we show that the 
decompositions are essentially identical.
■ We link this to the homogeneity theory of risk measures, and 
pursue the analysis a little further to show that it does not work 
properly for VAR.
■ We illustrate by way of an example that the ESF and mean-
variance decompositions are essentially different for typical credit 
risk models, which give skewed distributions.
■ Finally, to extend things further we consider a notion of ‘CI-
monotonicity’, by which we mean that, in a conditional inde-
pendence framework, if the systematic or unsystematic risk is 
increased then the measured risk should increase too. For this not 
to be so would probably result in some bizarre portfolio optimisa-
tions, with an uncorrelated asset being given more exposure ‘to 
reduce risk’. Note that we are not being critical of diversification 
here: it is legitimate to reduce portfolio risk by increasing alloca-
tion to an uncorrelated asset while reducing exposure to others, 
but the headline risk figure should not decrease if that allocation 
is increased without a reduction in the others. The VAR does not 
obey this (and indeed it is not coherent in the Artzner et al sense), 
but ESF does (and that is coherent).

Theory
■ Systematic decomposition of ESF. We start with our basic 
definition of the systematic part:

 
E µY A Y > y



  

(3)

This can also be written as the mean plus the covariance of the 
conditional expected loss and the tail probability:

 
µY +

1
P+ V µY A ,P Y > y A 





 
(4)

with P+ = P[Y > y] and μY = E[Y]. (This is apparent when one 
expands the covariance as the expectation of the product minus 
the product of the expectations; the second term cancels the μY.) 
There is a link with mean-variance theory: the ‘mean plus some 
number of standard deviations’ risk measure is:

 
µY + ησY = µY +

η
σY

V µY A




 +

η
σY

E σY A
2





 
(5)

so the second term is the covariance of μY |A with itself (× η/σY). 
Hence the expressions for systematic risk contribution have in 
common that they are the mean plus the covariance of the condi-
tional expected loss with something reasonably natural (the con-

ditional tail probability in (4), the conditional expected loss in 
(5)). As we shall see later, in the case when the joint distribution 
of asset returns in the portfolio is multivariate normal, the decom-
positions are in fact identical. But before we do that we want to 
explore the unsystematic contribution in more detail.
■ An interpretation using homogeneity. Another derivation of 
the systematic/unsystematic contributions to ESF exploits only 
the fact that ESF is a one-homogeneous risk measure. For a risk 
measure R that is positively homogeneous of degree d (that is, 
R[θX] = θdR[X] for θ > 0), consider the function:

G u,v( ) = R uµY A + v Y − µY A( )( )
By Euler’s lemma:

 
R Y[ ] = G 1,1( ) =

1
d

u
∂G
∂u

+ v
∂G
∂v





 u=v=1  

(6)

As a consequence, one is led to consider d−1(∂G/∂u)u=v=1 and 
d−1(∂G/∂v)u=v=1 as, respectively, contributions to systematic and 
unsystematic risk. Applied to the ESF, these give (d = 1):

∂G
∂u





 u=v=1

= E µY A Y > y



 ,

∂G
∂v





 u=v=1

= E Y − µY A Y > y





in agreement with (3).3 Moreover, in the mean-variance case we 
have (R = variance, d = 2):

1
2

∂G
∂u





 u=v=1

= V µY A




 ,

1
2

∂G
∂v





 u=v=1

= E σY A
2





as desired. In general, the ratio (systematic/total) can be thought 
of as a generalised R-squared (coefficient of regression), for it tells 
us what proportion of the total risk of Y is explained by μY |A, the 
best prediction in the least-squares sense of Y given A.
■ The unsystematic contribution is positive. The following 
argument shows how the ESF of the ‘infintely granular portfolio’ 
and the ESF of the real portfolio are related. We have:

 

E µY A Y > y



 ≤ E µY A µY A > y *





= E Y µY A > y *



 ≤ E Y Y > y 

 

(7)

Here, y is the VAR of the portfolio and y* is the VAR of μY |A at 
the same tail probability. In (7), the first expression is the contri-
bution of the systematic risk to the whole; the second expression 
is the ESF of the systematic part considered in isolation; and the 
fourth is the ESF of the whole portfolio. Notice that the equiva-
lent expression for mean-variance is:

 
σY

−1V µY A




 ≤ V µY A







1/2
≤ σY

 
(8)

with σY the standard deviation of Y. Although the mean-vari-
ance result is obvious from (2), the ESF result (7) is not, so we 
prove it now.

The cleanest way of dealing with both inequalities at the same 
time is to use this result: if V, W are any two random variables and 
v, w are chosen such that P[V > v] = P[W > w], then:

E V W > w  ≤ E V V > v 
For the proof, note that if B denotes any random variable bounded 
to [0, 1] then:

3 See Tasche (1999), Cor. 5.7, for the result on derivatives of ESF
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E V − v( ) B − 1 V > v[ ]( )  ≤ 0

for if V > v then 1[V > v] = 1 and B − 1[V > v] ≤ 0, while if V ≤ v 
then 1[V > v] = 0 and B − 1[V > v] ≥ 0, so either way the product 
is ≤ 0. Then set B = 1[W > w] and rearrange. The central equality 
follows by consideration of E[Y1[μY |A > y*]: first condition on A, 
turning Y into μY |A, and then integrate A out.

From (7) we can see immediately that the contribution of the 
unsystematic part of the ESF, E[Y − μY |A | Y > y], is necessarily 
positive. The same is true for variance: σY − σY

−1 V[μY |A] > 0. These 
inequalities can be thought of as consequences of the convexity of 
the risk measures. Indeed, the property that risk contributions 
cannot exceed the corresponding stand-alone risk (that is, equa-
tions (7) and (8)) follows from the subadditivity of the risk meas-
ure, if it is positively homogeneous of degree one (see Tasche 
2002, Proposition 2.5). If we try and construct the analogue of 
(7) for VAR, it fails. From (6), the contribution of systematic risk 
to VAR is E[μY |A | Y = y] (the proof follows arguments given in 
Gouriéroux, Laurent & Scaillet, 2000). But now:

 

E µY A Y = y



 </ E µY A µY A = y *



 ≡ y *

= E Y µY A = y *



 </ E Y Y = y  ≡ y

 

(9)

(The symbol ‘a </ b’ means, somewhat non-standardly, ‘a might 
not be less than b’, that is, that the assertion a < b may be false.) 
Again y and y* denote the VAR of Y and of μY |A at the same upper 
tail probability. We have found only artificial examples in which 
the first inequality is violated, but the second one is easier to dem-
onstrate: the GA formula (1) shows that if the density of E[Y | A] 
is increasing in the part of the tail at which the VAR falls (see 
figure 1) then the effect of adding small amounts of unsystematic 
risk is to reduce the VAR. By contrast, we commented in the 
introduction to this article that the sensitivity of ESF to small 
amounts of Gaussian unsystematic risk is always positive, and we 
have shown here that it is positive for any amount of unsystematic 
risk. Therefore, the anomaly never occurs.

Examples with different portfolio models
■ Multivariate normal model and elliptic model. We drew a 
comparison between the mean-variance and ESF frameworks 
earlier (equations (4) and (5)). Pursuing this line a bit further, one 
might ask whether the ESF and mean-variance decompositions 
give the same result in any particular case. We start with the mul-
tivariate normal portfolio and risk factor, on which the ESF and 
mean-variance measures are equivalent. Let the risk factor be A ~ 
N(0, Σ) and write:

Y = µ + ′k A + U

where k is the vector of the factor weights and U ~ N(0, σ2
U) is 

independent of A and represents the unsystematic risk. Then:

µY A = µ + ′k A

σY A
2 = σU

2

fY A y( ) =
1

σU
φ

y − µ − ′k A
σU







P Y > y A  = Φ
µ + ′k A − y

σU







and so the systematic contribution to ESF is:

1
P+ E µ + ′k A( )Φ

µ + ′k A − y
σU

















=
1

P+ µΦ
µ − y
σY







+
′k Σk
σY

φ
µ − y
σY

















(as the integration over A can be done in closed form) while the 
unsystematic contribution is:

1
P+ E σU

2 fY A




 =

1
P+

σU
2

σY
φ

µ − y
σY







where σ2
Y = kʹΣk + σ2

U is the unconditional variance of Y. Note 
that P+ = Φ((μ − y)/σY) so the first term in the systematic part is 
just μ, as expected.

To compare this with the mean-variance framework, let the mean-
variance risk measure be mean plus η standard deviations, that is, μY 
+  ησY. Then the systematic and unsystematic parts are respectively:

Loss

PD
F

D I

The graph shows the PDF of the ‘infinitely granular portfolio’.
For quantiles near I, the VAR will increase when a small amount
of uncorrelated risk is added, but for those near D, it will
decrease. This anomaly cannot occur with ESF

1 Adding unsystematic risk can cause VAR to reduce
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2 Loss distributions for the test portfolio with different 
correlation assumptions
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µ + η
′k Σk
σY

and η
σU

2

σY

Setting η = φ(Φ−1(P+))/P+, a definition that depends only on the 
choice of tail probability rather than on the portfolio in question, 
makes the ESF and mean-variance decompositions agree. The 
systematic part is proportional to the square of the correlations 
(that is, ‘k squared’) and the unsystematic part is inversely pro-
portional to the portfolio size (not inversely proportional to its 
square root).

As η is independent of the portfolio mean and variance, the 
result extends automatically to elliptical distributions of finite vari-
ance, as the elliptical model is obtained from the normal model by 
making the variance random and then integrating it out (for exam-
ple, for Student-t it is reciprocal-gamma distributed).
■ Loan portfolio. This example, by contrast, shows that ESF 
and mean-variance do not always agree. We take as a test example 
a hypothetical portfolio of 50 default-risky loans. For simplicity 
we assume that the recovery rates are zero, the exposures lie in the 
range one to five and the mean default probabilities (roughly) in 
the range 0.2% to 2%. The correlation is modelled by a one-fac-
tor Gaussian copula, by which we mean that the risk factor is V   
~ N(0, 1) and the conditional default probability is given by the 
usual formula:

pi V = Φ
Φ−1 pi( ) − βiV

1 − βi
2













As we are going to vary β, for simplicity we give each asset the 
same β, though of course this is not necessary.

In figure 2, we show the loss distributions for three different 
values of  β – 0.3, 0.5 and 0.7 – which in the context of a real 
portfolio correspond to low, moderate and high degrees of cor-
relation. As expected, they become fatter-tailed as the correla-
tion is raised. More important are the systematic/unsystematic 
decompositions (figure 3). They are shown for standard devia-
tion and for ESF with an upper tail probability of 0.5% (to 
make the two more directly comparable, the expected loss is 
deducted from the systematic contribution to ESF). For low 
correlation, the risk is mostly unsystematic, whereas for high 
correlation it is mostly systematic, as expected. In this respect 

the two risk measures give pretty much the same results.
Taking β = 0.5, we greatly increase the exposures to three of 

the entities, from 5, 5, 5 to 25, 12, 15, respectively. This has a 
greater impact on tail risk than on standard deviation. Further, it 
is risk that principally arises from single-name exposures. We 
should therefore expect the unsystematic component to change 
much more for ESF than for standard deviation – and indeed 
figure 4b shows that the numerics confirm this.

CI-monotonicity
Here, we move on to the more general theme of what happens 
when a new risky instrument is added to a portfolio. We do this 
from the perspective of what happens when we start varying the 
amounts of systematic and unsystematic risk. To start the ensu-
ing discussion, it is convenient to write down the expression for 
the ESF where the conditional distribution of Y | A is assumed to 
be normal:

E Y Y > y  =
1

P+ E µY AΦ
µY A − y

σY A









 + σY Aφ

µY A − y

σY A























 

(10)

(see also Martin, 2006). As the expression obtained in (10) is of 
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The ‘base case’ is figure 2 with β = 0.5. In (a) the overall risk is
seen to increase. In (b) the proportion of unsystematic risk has 
increased and the increase is substantially more for ESF than it
is for standard deviation

4 Effect of adding tail risks in the form of big exposures 
to high-grade issuers
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the form (...)μY | A + (...)σY | A, it seems reasonable to try to interpret 
the coefficients as the sensitivities of ESF to μY | A and σY | A. Of 
course, there is the complication that the coefficients themselves 
also depend on μY | A and σY | A. Nevertheless, this is an avenue 
worth exploring. We consider an arbitrary conditional independ-
ence model and ask how the risk measure changes when the loss 
distribution is altered. In performing this perturbation, we treat 
systematic and unsystematic risk separately.

The model is that, conditionally on the risk factor A, the den-
sity of loss is assumed to be:

fY A y( ) =
1

σY A

ψ A

y − µY A

σY A











for some probability density function ψ that is normalised to have 
mean zero and variance one. The subscript in ψA indicates that 
the shape of the distribution may also depend on the risk factor. 
The case that we have just been considering is that the loss is nor-
mally distributed conditionally on the risk factor, that is, ψA(x) =  
φ(x). The interpretation of μY |A is that its variation (as A varies) 
constitutes the systematic risk, while σ2

Y |A is the unsystematic 
risk.4 We would like the risk measure R to have the property that 
it is an increasing function of μY |A and σ2

Y |A (which are themselves 
functions of A). That is:

∂R Y[ ]
∂µY A

> 0,
∂R Y[ ]
∂σY A

> 0

Note that we are differentiating with respect to the conditional 
mean and standard deviation. If these conditions are satisfied, we 
say that R is CI-monotonic. Interestingly, neither the traditional 
‘mean plus some number of standard deviations’ measure, nor 
VAR, is CI-monotonic.

To show that the risk measure μY + ησY is not CI-monotonic, 
we write it out as:

R Y[ ] = µY + ησY

= E µY A




 + η E µY A − µY( )2





+ E σY A
2











1/2

We now need to bear in mind that μY |A and σ2
Y |A are random vari-

ables, and hence are functions (defined on the space of possible 
values of A and taking real values). Perturbing μY |A → μY |A + δμY |A, 
etc, and thereby differentiating R[Y] with respect to these func-
tions, we find the change in R to be:

δR = E 1 + η
µY A − µY

σY







δµY A +

ησY A

σY
δσY A













So the coefficient of δμY |A is not necessarily positive: if the con-
ditional mean loss is smaller than the unconditional mean 
then increasing it causes the variance to reduce. The coefficient 
of  δσY |A is positive, though: the sensitivity to unsystematic 
risk is ‘correct’.

To show that VAR is not CI-monotonic, we start with the 
expression for the lower tail probability:

P− = E Ψ A

y − µY A

σY A























(here ΨA(y) = ∫ y
−∞

 ψA(x)dx). Taking differentials with respect to 
μY | A, σY | A gives:

 

δP− = E
1

σY A

ψ A

y − µY A

σY A









 δy −

1
σY A







ψ A

y − µY A

σY A











× δµY A −
y − µY A

σY A
2 ψ A

y − µY A

σY A









 δσY A







 

(11)

To find the sensitivity of VAR, that is, to find δy, we equate δP− to 
zero. In doing so, we find that the coefficient of δμY|A is positive, but 
that of δσY|A is negative if the conditional mean μY|A exceeds the 
VAR y. Hence it is possible for an increase in unsystematic risk 
(conditional variance) to decrease the VAR – as we found in figure 
1 and also as the GA formula (1) warned us would happen.

However, ESF is CI-monotonic, as we now show. Denoting the 
VAR by y, we have the following expression for the ESF:

S+ =
1

P+ E
x

σY A

ψ A

x − µY A

σY A









 dx

y

∞⌠

⌡


















Taking differentials, integrating by parts and tidying up, we have:

δ P+S+( ) = −E
y

σY A

ψ A

y − µY A

σY A






















δy

+E
1

σY A

ψ A

x − µY A

σY A









 dx +

y
σY A

ψ A

y − µY A

σY A











y

∞⌠

⌡

















δµY A

















+E −
µY A − x

σY A
2 ψ A

x − µY A

σY A









 dx +

y y − µY A( )
σY A

2

y

∞⌠

⌡




















× ψ A

y − µY A

σY A
















δσY A








As with the VAR, we require the tail probability to be unaf-
fected by the perturbation, so the quantile (y) has to vary while  
δP − = 0. Using (11) we eliminate the y-differential by considering  
δ(P+S) + yδP _. This, after some tidying up, gives us:

δ P+S+( ) = E
1

σY A

ψ A

x − µY A

σY A









 dxδµY A

y

∞⌠

⌡


















+E
x − µY A

σY A
2 ψ A

x − µY A

σY A









 dxδσY A

y

∞⌠

⌡


















The desired CI-monotonicity property is proved once we are 
happy that the integrals in both square-bracketed terms are posi-
tive. The first clearly is because the integrand is positive, but the 
second requires a little more work. Condition on A: if y > μY |A 
then the integrand is positive, while if not we write the integral as 
∫ ∞

–∞
 − ∫ y

−∞
, in which the first integral is zero (by normalisation of 

ψA) and the integrand in the second is negative.
The proof of the CI-monotonicity of ESF shows that ESF is not 

the only coherent risk measure that has this property. Any risk 
measure that can be written as a linear combination (with posi-
tive coefficients that add up to one) of ESFs at different levels P+ 
4 There is no immediate interpretation of higher-order conditional moments in terms of systematic and 
unsystematic risk. Therefore, the definition of CI-monotonicity involves only the first two moments
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will also be CI-monotonic. Theorem 7 in Kusuoka (2001) shows 
that all law-invariant and comonotone-additive coherent risk 
measures can be represented this way. As shown in Theorem 3.6 
of Tasche (2002), these risk measures are just the spectral meas-
ures that were introduced by Acerbi (2002).

Law-invariance of a risk measure means that the value of the risk 
measure depends on its argument only through the probability dis-
tribution of the argument. This property is implicitly required by 
the definition of CI-monotonicity. Thus, there are no CI-monot-
onic risk measures that are not law-invariant. Comonotone additiv-
ity of a risk measure means that the measure is additive with respect 
to comonotonic arguments, that is, with respect to random varia-
bles that can be represented as increasing functions of one common 
random factor. Theorem 4 in Kusuoka (2001) implies that, in gen-
eral, law-invariant coherent risk measures that are not comonotone-
additive will not be CI-monotonic.

Similarly, CI-monotonic risk measures are not coherent in gen-
eral. Consider, for instance, the risk measure defined as the third 
power of ESF. This risk measure is CI-monotonic but not one-
homogeneous and hence not coherent.

Concluding remarks
We have not said much about what the risk factor A corresponds to 
in practice, because an interpretation is unnecessary for the develop-
ment of the theory. In one-factor credit risk models, A corresponds to 
the ‘general state of the economy’. More complex portfolios require 
multi-factor models, and it is quite common5 to use industrial sectors 
to represent the extra factors. In a multi-factor implementation, the 
theory allows the following distinction to be made in a fairly precise 
way. Consider two portfolios, both of which have significant expo-
sure in (say) the auto sector: portfolio A’s exposure arises from having 
many auto issuers, but portfolio B’s arises from a large exposure to 
(say) Ford. If we simply aggregated the issuers’ risk contributions by 
sector, we might find that the pictures for A and B were similar, but 
the technique described in this article would show that B had signifi-
cantly more unsystematic risk. This would point to the conclusion 
that the right hedge for portfolio A was auto basket protection, and 
for portfolio B a single-name CDS on Ford.

A question that naturally arises is whether portfolio risk can be 
split down by issuer and by ‘systematic/unsystematic’ at the same 
time. In the context of the example in figure 4, we are inviting the 
conclusion that most of the unsystematic risk comes from assets 

to which the exposures were increased, because those are big sin-
gle-name exposures that would require single-name hedges. The 
answer is yes, and this will be presented in forthcoming work. ■
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