Collateral
damage

Most credit risk models focus on default probability, while making simple recovery
assumptions for collateralised loans. As Jon Frye shows here, this is a mistake, because
the same factors that increase default rates can also decrease the value of loan collateral

f a borrower defaults on a loan, a bank’s recovery may depend on
the value of the loan collateral. The value of collateral, like the
value of other assets, fluctuates with economic conditions. If the
economy experiences a downturn, a bank can experience a dou-
ble misfortune: many obligors default, and the value of collateral
is damaged.

Conventional credit models overlook the effect of economic conditions
on collateral. They allow default to vary from year to year, but they hold
fixed the average value of collateral and the average level of recovery.

The distinctive feature of the credit model presented here is that an eco-
nomic downturn causes damage to the value of collateral. When system-
atic collateral damage enters the credit model, the capital allocated to a
highly collateralised loan can double or triple.*

Taking collateral damage into account complicates a credit capital
model. However, the results of the model can be well approximated by a
function of expected loss alone. Expected loss can therefore be used as
the basis of a credit capital estimate. This estimate is simpler, and can be
more accurate than using the results of a conventional credit model that
ignores the role of collateral damage.

Credit capital model

The credit capital model uses the conditional approach suggested by Fin-
ger (1999) and Gordy (2000). The variables in the model depend on a sys-
tematic risk factor, a random variable representing the good years and bad
years of the economy. The co-variation between two variables stems from
their mutual dependence on the systematic factor. Two variables that re-
late strongly to the systematic factor relate strongly to each other and there-
fore have a strong correlation.

Exposure of $1 is assumed to each obligor j. At the end of a one-year
analysis horizon, the value of collateral is a random number characterised
by three positive parameters: its amount, . its volatility, o and its sensi-
tivity to X, the systematic risk factor, also known as its “loading”, q;

Collateral; = pj(1 +0C;)  and (1)

C; =X +41-07Z, (@)

where X and Z. have independent standard normal distributions.

Equation (25 implies that C. has a standard normal distribution. When
the systematic factor exceeds zero, both C; and Collateral. tend to be greater
than average, but that also depends on an idiosyncratic risk factor, Z,, which
affects only the collateral of obligor j. Equation (1) shows each unit of col-
lateral value has a normal distribution with mean equal to 1.00 and stan-
dard deviation equal to c..

The overall financial condition of the obligor, A, also depends on the
systematic risk factor via a positive loading, p;:

Aj:ij+ 1_pj2Xj (3)

where X, have standard normal distributions independent of each other, X
and Z.
]

When X exceeds zero, obligor j tends to prosper. A also depends on
the idiosyncratic variable X;, which affects the fortunes of obligor j and
nothing else. A may take on a wide range of values, having a standard
normal distribution. This specification ignores the influences that may exist
between X: and collateral, and/or between Z and A. These non-systemat-
ic influences have a relatively minor effect on credit capital.

The correlation between two obligors depends on their loadings on the
systematic risk factor X:

ConlA; A] = Cov[pjx +41 =P XX +4/1 _pkzxk:l =ppc (4)

An obligor defaults if its financial condition falls below a threshold. Let
D, represent the default event:

D; =1 if Aj<®7}(PD;); D; =0 otherwise (5)

where PD, represents the probability of default for obligor j, and ®! is the
inverse cumulative standard normal distribution. Equation (5) thus ensures
obligor j defaults with probability PD;: Prob [D; = 1] = E [D] = PD,.

If default occurs, the bank can recover, properly discounted and net of
foreclosure expenses, no more than the loan amount:

Re cov ery; = Min[1, Collateral;} that is, LGD; = Max[0,1 - Collateral;] (6)

If default occurs and collateral value exceeds exposure, the bank has
no loss. If default occurs and collateral value is less than zero, the bank
may lose more than $1. Taking the average of loss given default (LGD)
over all possible outcomes produces the expected loss given default
(ELGD). Solving backward, the ELGD of a loan implies the level of M-

For simplicity, the model includes losses due only to default and not
due to downgrade or changes in pricing spreads. The amount lost to oblig-
or j is then the product of the default event and the loss given default:

LOSSJ' = D]LGD] (7)

Taking the sum over all j equals the total credit loss. Monte Carlo sim-
ulation or other means can then determine the distribution for random
realisations of the systematic factor X and of the idiosyncratic factors XJ.
and Z..

Capital models are used by some banks to target the credit ratings they
receive from rating agencies. A bank that targets an investment-grade rat-
ing might wish to hold enough credit capital to absorb the loss that arises
in 99.9% of Monte Carlo simulation runs. We may speak of a target sol-
vency of 99.9% or of a target insolvency of 0.1%. The latter equals o, the
final parameter of the credit capital model.

In equation (7), Dj depends on X and XJ., and LGDJ. depends on X and
Zj. Conditional on a realisation X = x, these factors are independent:

E[Lossjjx = x] =E[Djx =x] xE[LGD|x =] ®)

1 We give broad meanings to two terms. “Collateral” here includes all the assets a
bank obtains as a consequence of default, including, but not limited to, the assets
pledged as collateral in a loan document. “Capital” refers to equity capital and to ac-
cumulated loan loss reserves, both of which help banks weather stressful periods
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1. Effect of X on a loan:

PD = 5%, ELGD = 10%

— Conditional PD
— Conditional ELGD

Overall expectation

PD X ELGD = EL
First loan 5.0% 10.0% 0.5%
Second loan 1.0% 50.0% 0.5%

Expectation in an economic slump; target o0 = 0.1%

PD X ELGD = Capital
First loan 45.4% 26.1% 11.8%
Second loan 18.4% 60.2% 11.1%
Economic slump in a conventional credit model

PD X ELGD = Capital
First loan 45.4% 10.0% 4.5%
Second loan 18.4% 50.0% 9.2%

Thus, given a state of the economy as represented by X = x, the con-
ditional expected loss for a loan equals the product of its conditional PD
and its conditional ELGD.? An increase in x causes both conditional PD
and conditional ELGD to decrease. Therefore, when X is at percentile o,
conditional EL is at percentile (1 — o).

We want to find the increase in target capital when a particular loan is
added to the credit portfolio. Marginal capital depends on the portfolio to
which the loan is added. We assume that the portfolio is large enough to
be fully diversified. Then the marginal capital of a loan can be treated as
equal to the mathematical expectation of loss conditional on X = o.. There-
fore, a bank that has an insolvency target of 0.1% can substitute the 0.1
percentile of the standard normal, x = -3.09, in equation (8) to obtain
credit capital for a loan characterised by the five parameters o, p; ; PD,
and L.

Th{a novel feature of the model is that LGD depends on the state of the
economy. This feature is not present in conventional credit models. For
example, CreditMetrics first determines obligor default and then indepen-
dently determines LGD. Any risk in recovery is purely idiosyncratic, equiv-
alent to forcing g = 0. CreditRisk+ assumes LGD is a known amount. The
variance of recovery is zero, equivalent to forcing ¢ = 0. The capital model
presented here can mimic these models. If g is set to zero (or if G is set to
zero), conditional ELGD does not respond to the state of the economy,
but becomes, instead, a constant.

Quantifying collateral damage

Next we find representative values of the parameters o, p and q. We then
demonstrate the importance of collateral damage for an example loan. Fi-
nally, repeat the analysis for loans having a range of ELGD.

The parameter ¢ might apply to a number of assets pledged as collat-
eral: inventory, receivables, negotiable instruments, title documents, in-
tangibles etc. In addition, other assets with uncertain values may be awarded
to the bank as a general creditor. For this mixture of assets, no single es-
timate of ¢ can be entirely satisfactory. To obtain a representative estimate,
Moody’s Investors Service provides summary data for 98 senior secured
bank loans. On these, average recovery equals 70.26%, with standard de-
viation equal to 21.33%. The implied estimate of ¢ equals 21.33/70.26
= 30%. However, the recovery achieved on a loan is apt to be closer to
the recovery expected on the same loan than to the overall average re-
covery. Therefore, the raw estimate is apt to overstate 6. We take 6 = 20%
as the representative value, with robustness checks using ¢ = 15% and
o = 25%.

We take 0.5 as the representative value of p. Equation (4) then implies
that any pair of obligors has a correlation of (0.5)2 = 25%. This accords
with the average level of asset correlation suggested by the CreditMetrics
Technical Document (1997). Checks of robustness are performed at p =
0.4 and p =0.6.

No studies known to the author provide an estimate of g, the loading
of collateral on the systematic factor. It appears, however, that the repre-
sentative value of q is greater than or equal to p. First, all assets tend to
decline with the systematic factor, whether or not they may become the
source of recovery on a bank loan. If this overall systematic effect were
the only channel of influence, one would suppose that q = p.

Two additional channels of influence increase the effect of X on col-
lateral in an economic slump. A low value of X leads to financial distress
for many obligors, and for some banks. An obligor in financial distress
might devote fewer resources to resolving customer complaints, main-
taining equipment and safeguarding its fixed investments. The affected as-
sets — accounts receivable, vehicles and real estate — serve as collateral.
Thus, the assets a bank obtains may already have been degraded by pre-
vious attempts to extract value. A bank must also anticipate the effects of
its own distress. In the circumstances envisioned by the capital model, a
bank has nearly exhausted its capital cushion. It then faces unusual pres-
sure to liquidate assets even if it cannot obtain the best price. The value a
bank actually realises from collateral may therefore be even more depressed
than the values of other assets. Two channels of influence — the actions of
distressed obligors before they default, and the actions of the distressed
bank itself after it receives collateral — make collateral values unusually
sensitive to an economic slump. It is difficult to see an opposing influence
that would selectively protect collateral from systematic risk.® We assume
that representative g is equal to p, with robustness checks of g = p +
0.10 and g = p + 0.20.

Using the representative values of the parameters o, p and g, we take
the example of a relatively low-rated obligor that has provided a high level
of collateral. Specifically, figure 1 analyses a loan having PD = 5% and
ELGD = 10%. The horizontal axis is calibrated to the percentiles of X. The
two lines represent the two factors on the right-hand side of equation (8).
The average of conditional PD equals the unconditional PD of 5%. The
PD-weighted average of conditional ELGD equals the unconditional ELGD
of 10%.

Thus, figure 1 shows how the overall levels of PD and ELGD distribute
conditionally across states of the economy. For most states, one sees rel-
atively benign levels of both variables. But in a severe economic slump,
both conditional PD and conditional ELGD rise with a vengeance. To pre-
pare for this adverse circumstance, banks hold capital.

2 Conditional EL, conditional PD and conditional ELGD refer to the expectation con-
ditional on the realization of X. Given X, the expectation is taken across allj. When con-
ditioning is clear from context, the modifier may be suppressed. Otherwise, when the
variables are not designated as “conditional”, they have the usual meaning of an all-
inclusive expectation

3 Some specific collateral, such as cash or Treasury securities, has a low value of q,
but these cases are far from the norm
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Suppose a bank targets its own insolvency at oo = 0.10%. In figure 1,
this point appears 0.1% of the distance along the axis, almost at the ex-
treme left. The corresponding levels of conditional PD and conditional
ELGD are 45.4% and 26.1%, respectively. According to equation (8), the
product of these two equals credit capital: 45.4% > 26.1% = 11.8%.

If the bank uses a conventional credit model to allocate capital for this
loan, it makes a significant error. It ignores the increase in LGD that comes
about in the economic slump. Specifically, it assigns capital equal to 45.4%
x< 10% = 4.5%. The accurate target is 2.61 times this allocation, because
the effect of collateral damage is to increase ELGD from its overall value
of 10% to its value in an economic slump, 26.1%. Statistical data on the
performance of bank loans would be preferable to such a prediction by a
model. But data do not exist regarding LGD in an economic slump of this
severity. Until we have such data, it would be risky to assume an economic
slump has no effect on LGD.

Capital and expected loss

This section compares the loan of figure 1 with a second loan having equal
expected loss. The equality of expected loss implies a near-equality of cap-
ital. The comparison is extended to loans with a range of combinations
characteristics, and the same conclusion is found. The conclusion is then
checked, both for a range of values of the model parameters o, p, q and
o, and for a fundamental change in the specification of the model.

The loan in the previous example has PD = 5% and ELGD = 10%.
Table A compares that loan with a second loan having the same EL, but
having ELGD = 50%. The middle of the table shows the first loan is more
affected by collateral damage. The lower the ELGD of a loan, the greater
potential it has to rise in an economic slump. An economic slump affects
the ELGD of each loan, but it has a greater proportional effect on the first
one, having a lower ELGD.

The two loans also differ in PD. The second loan has lower PD. In an
economic slump, the PD of the second loan rises about 18-fold, while the
PD of the first loan rises only about ninefold. The lower the PD of an oblig-
or, the greater potential it has to rise in an economic slump. An econom-
ic slump affects the PD of each loan, but it has a greater proportional effect
on the second one, having a lower PD.

The economic slump raises both ELGDs and both PDs. Of the two
ELGDs, the proportional effect is greater for the first loan. Of the two PDs,
the proportional effect is greater for the second loan. The product of the
two effects is nearly the same, and so the two loans require nearly the
same capital. In fact, by a narrow margin the first loan requires greater cap-
ital (11.8%) than the second loan (11.0%). This is contrary to the verdict
of a conventional model. As shown at the bottom of table A, the conven-
tional model reverses the ranking and presents an alarmingly rosy view of
the low-ELGD loan.

The two loans in table A have the same EL and require nearly the same
capital. (That the two loans divide EL differently between PD and ELGD
has relatively little importance.) The relationship between EL and capital
generalises readily, as shown in the context of a stylised bank internal rat-
ing system.

Many banks use one-dimensional internal risk rating systems. These
systems initially assign a risk rating based on the characteristics of the oblig-
or. The rating might be upgraded based on the amount of collateral se-
curing a particular loan. A collateralised loan to a poorer-rated obligor then
has the same rating as an uncollateralised loan to a better-rated obligor.
This resembles the relationship of the two loans in table A. The first loan
has relatively lower ELGD, and the second loan has relatively lower PD.
The product of ELGD and PD can therefore be nearly equal for the two
loans. When this is so throughout every rating grade, the rating system can
be characterised as an EL system, even if it is not intentionally based on
expected loss.

EL rating systems appear to be the norm. After a thorough study, Trea-
cy & Carey (1998) of the Federal Reserve characterise the rating systems
of nearly all large US banks as measuring EL. (They characterise some as
measuring PD as well, separately.) We therefore assume the interplay be-
tween PD and ELGD results in uniform EL within a rating grade.

We establish grades for EL = 0.025%, 0.05%, 0.1%, 0.2%, 0.4%,

2. Capital in a conventional credit

model

18 -
— ELGD = 100%
— ELGD = 50.0%
15~ ELGD = 25.0%
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Expected loss rating grade (%)

3. Capital including collateral damage

18
— ELGD = 100%
— ELGD = 50.0%
15 + ELGD = 50.0%
— ELGD = 12.5%
12 4 ELGD = 6.25%
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0.025 0.05 0.10 0.20 0.40 0.80 1.60
Expected loss rating grade (%)

0.8% and 1.6%. This range includes most bankable assets. Within any rat-
ing grade, a conventional model allocates less capital to loans having lower
ELGD, as shown in figure 2. (The target is low investment grade, o. =
0.5%.) The five lines depict capital for five levels of ELGD. The top line
depicts ELGD = 100%, and the bottom line depicts ELGD = 6.25%. In
the rating grade where EL = 0.1%, these correspond to PD = 0.1% and
PD = 1.6%, respectively.

Within any EL grade, the conventional model allocates more capital to
loans with higher ELGD and lower PD. That is because the conventional
model splits EL into PD and ELGD - and then looks only at the systemat-
ic risk in the PD fraction. In an economic slump, the greatest proportion-
al increase in default occurs in obligors with the lowest PD. Therefore,
within an EL rating grade, the conventional model concludes that more
capital is required for loans where the probability of default is low.

The difference between figure 2 and figure 3 is the effect of collateral
damage. The lower the ELGD, the more collateral and the more system-
atic risk is held by the bank. Therefore, the lines with the lowest ELGD
rise the most in the transition from figure 2 to figure 3. Not only do they
rise, they rise to approximately the same level. The result is that credit cap-
ital is approximately a function of expected loss alone.

Examination of figure 2 and figure 3 leads to three conclusions. First,
the effect of collateral damage increases capital for all loans (except for
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4. Robustness with conditional beta

recovery
18
— ELGD = 100%
— ELGD = 50.0%
15 ELGD = 25.0%
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0.025 0.05 0.10 0.20 0.40 0.80 1.60
Expected loss rating grade (%)

ELGD = 100%) and markedly increases capital for low-ELGD loans. Sec-
ond, the low-ELGD lines in figure 3 are much closer to the line repre-
senting ELGD = 100% than they are to their own representations in figure
2. It appears more accurate to adjust the inputs for a low-ELGD loan - to
adjust ELGD to 100% and to adjust PD downward, maintaining the same
level of EL — than it is to simply accept the results of the conventional
model using the unadjusted input. Third, a function of expected loss pro-
vides an estimate of credit capital that is more accurate than using both
PD and ELGD in a conventional credit model.

These conclusions are tested for robustness. Thirty-six combinations of
parameter values are used to recreate figure 2 and figure 3. Three levels
of ¢ (15%, 20% and 25%) are combined with six combinations of values
for p and q ({0.4, 0.4}, {0.4, 0.5}, {0.4, 0.6}, {0.5, 0.5}, {0.5, 0.6} and {0.6, 0.6})
and examined at two settings of o (0.1% and 0.5%). Each of the 36 pairs
of charts supports all three of the conclusions stated above.*

These conclusions are not only robust for a range of parameter values,
but also for a change in the mathematical specification of the model. In
this specification there is no explicit role for collateral. Instead, recovery
is modelled directly as a beta distribution, as is done in CreditMetrics. The
model allows collateral damage to enter by conditioning recovery on the
value of Cj. Specifically, replacing equation (1) we have:

Recovery; = Betalnv[dJ(Cj), mean = 4, s.d. = c] 9)

Figure 4 shows the results of the conditional beta recovery model. Fig-
ure 4 resembles the normal model of figure 3, except that the beta recov-
ery model allocates slightly more capital to low-ELGD loans. Robustness
checks of the beta recovery model also resemble the robustness checks of
their normal model counterparts.® The conclusion — that capital depends
principally on expected loss — is therefore robust with respect both to
changes in parameter values and to a change in the model specification.

To account for the effects of collateral damage in a credit portfolio, the
best solution would be to correctly model the effects of PD, ELGD, o, p
and g along the lines suggested in this article or in some other way. Most
banks would find that they have neither the data nor the systems to adopt
this approach in the near term. A second-best solution is to estimate cap-
ital as a function of expected loss, stratifying the portfolio by uniform o,
p and q as in the above.

For current users of a conventional credit model, a second-best solu-
tion appears to be an appropriate adjustment of the inputs. The sugges-
tion is to adjust PD downward and to adjust ELGD to unity, keeping the
product equal to the EL of the original loan.® The adjusted loan should con-
tribute approximately the risk of the original loan including the risk of col-
lateral damage. This adjustment is available to users of both CreditMetrics
and CreditRisk+.

Conclusion

The credit capital model presented here takes note of an effect well known
to bankers: the credit cycle can produce a double misfortune involving
greater-than-average default frequency and poorer-than-average recover-
ies. Of the two misfortunes, conventional credit models analyse the first
and ignore the second. They can therefore assign alarmingly little capital
to well-collateralised loans.

The effect of economic conditions on loan recoveries complicates the
capital model. However, the results of the full model are well approxi-
mated by a function of expected loss. This conclusion holds for an alter-
native model specification and for a robust range of parameter values.

These results contain several messages. To bank lending and credit pol-
icy officers, the results repeat a message most often heard following large
credit losses: collateral should not lead to complacency, because collater-
al value can decline at exactly the moment that a bank gains ownership.
To bank portfolio credit analysts who use models to estimate portfolio risk,
the results warn that all sources of systematic risk must be included. Lack-
ing that, the inputs to existing models should be adjusted for more accu-
rate results. To bank supervisors attempting to assess credit risk, the results
suggest that a simple estimate of credit capital can be expedient and ac-
curate.

Naturally, bank credit models should be expanded to cover as many
sources of risk as possible. An estimate based on expected loss would not
be completely accurate or ideal. However, the expected loss approach may
provide a better estimate than some current credit models. Until models
evolve to incorporate the systematic risk of both default and recovery, a
credit capital estimate based on expected loss may be the best solution. m

Jon Frye is head of the models team in the capital markets group
at the Federal Reserve Bank of Chicago. The views expressed are
his and do not necessarily reflect those of the Federal Reserve
Bank of Chicago. He would like to thank many readers for helpful
comments on earlier versions, especially Lisa Ashley, Robert Bliss,
Richard Cahill, Paul Calem, Matthew Foss, Michael Gordy, David
Jones, Catherine Lemieux, Michael Lesiak, Carol Lobbes, Laura
McGrew, Perry Mehta, James Nelson, Edmund Waggoner and par-
ticipants at the 1999 FRB-Chicago Capital Markets Conference
Comments on this article can be posted on the technical discussion forum
on the Risk Web site at http.//www.riskpublications.com/risk

4 An Excel workbook with these results is available from the author at
Jon.Frye@chi.frb.org

5 Robustness checks with lower q and/or lower ¢ can include lower levels of ELGD.
They reach the same conclusions about the relationship of EL to credit capital

6 Many CreditRisk+ users adjust model inputs now. They adjust exposure (rather than
PD) downward as they adjust ELGD to unity, keeping the product equal to that of the
original loan. This affects ELGD but not PD, so the EL of the proxy loan differs from
the EL of the original. The difference in EL leads to the understatement of capital seen
in figure 2. Mechanically, the understatement comes about because the downward
adjustment of exposure dominates the upward adjustment of ELGD
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Basel 1l

Weighting

for nsk

Basel has recognised that collateral and seniority give banks an advantage when an
obligor defaults. Here, Jon Frye argues that the proposal may encourage banks to lend
on the collateral — a practice that could threaten their own survival — and proposes a
possible remedy

he advanced approach of the new Basel capital Accord
seeks to improve on the current Accord by providing banks
with better incentives. For example, collateral and securi-
ty give a bank an advantage in a default situation. The
new Accord rewards a bank that obtains collateral and se-
curity, because both affect loss given default (LGD), and
LGD affects required capital. Since the current Accord is relatively insensi-
tive to risk, making capital sensitive to LGD can represent an improvement.

But the new Accord goes too far. Its preference for low-LGD lending is
so strong that it encourages banks to make low-LGD loans with reduced
regard for default risk. This practice, known as “lending on the collateral”,
gives primary consideration to collateral and LGD, rather than to the bor-
rower’s ability to repay. This style of lending has been the traditional spe-
ciality of commercial finance companies, which generally have more capital
than banks. But under Basel 11, banks will find that lending on collateral
requires less capital than a more customary bank loan.

This exaggerated incentive can be corrected with a small change in the
risk weight function, to make it have a non-linear response to LGD. This
article presents one possibility, which is preferred because of its simplici-
ty. The preferred function agrees with Basel II over a wide range of con-
ditions, but becomes distinctly more conservative when LGD is low.

Risk weights miss the risk

A principal goal of Basel II is to make regulatory capital requirements more
compatible with risk. If this goal is to be achieved, a loan having greater
risk should require more capital. Yet this does not seem to be the case. The
apparent distortion of incentives is illustrated by two hypothetical loans.

The first hypothetical loan is to an obligor having a one-year probabil-
ity of default equal to 20%. If such an obligor has a public rating, it is prob-
ably lower than B—. To bolster its creditworthiness, this obligor offers
substantial over-collateralisation, so that in the event of default the bank
expects to lose only 5% of the outstanding amount. Stated as inputs to a
risk weight function, this loan has a probability of default (PD) equal to
20% and LGD equal to 5%.

The second hypothetical loan represents a more common lending sit-
uation. The obligor has a probability of default equal to 1%. The lending
facility is senior but unsecured, and the bank estimates LGD equal to 50%.

Assuming the PDs and LGDs are estimated accurately, which of the two
loans has greater risk? Most bankers, and most bank supervisors, would
identify the first loan as riskier. In part this is because it represents the prac-
tice of “lending on the collateral”. The trouble with lending on collateral
is that when the obligor defaults, the value of collateral can fall below ex-
pectations. From a capital and risk perspective, prudent bankers would
make the second loan in preference to the first.

This instinct is confirmed by a survey of bank practices. The survey was
conducted by Risk Management Associates (RMA, formerly Robert Morris
Associates), as part of its response to the Basel Commiittee. The survey asked
each bank in the RMA capital working group to quantify capital for a one-
year commercial loan, for various ranges of PD and LGD. Reading from the

RMA matrix, the average bank finds the first loan to have distinctly more
risk. The mean levels of capital are 5.8% and 3.7%, respectively.'

The Basel II risk weights take the opposite view, and encourage mak-
ing the first loan in preference to the second. That would impose capital
requirements of 5% and 10% respectively.?

The reversal of incentive is partly explained in a footnote in the inter-
nal ratings-based (IRB) document (Basel, 2001). There, it is assumed that
a bank can lose no more than LGD. Since the LGD of the first loan is 5%,
capital can be no more than 5%. There is an “LGD ceiling” that is binding.

What this overlooks is that LGD varies from year to year. Especially in
a high-default year, LGD tends to exceed its average.’ The conditions that
push the default rate higher also tend to push LGD higher. Therefore, in
a high-default year a bank can lose more than average LGD.

It might then appear that the entire problem with the Basel II risk weights
is the LGD ceiling, but this is not the case. In fact, the ceiling is hardly
binding. Without the ceiling, capital for the first loan equals 5.3%. Thus,
even if the LGD ceiling was eliminated, the Basel II risk weights strongly
favour what appears to be the riskier of the two loans. (The LGD ceiling
is ignored in the remainder of this article.) Even after adding capital for
operational risk, Basel II allocates less than 8% capital to the first loan.
Thus, the Basel II risk weights provide an incentive for lending on the col-
lateral, whether it is compared with the second hypothetical loan or with
the average loan today.

The Basel II favouritism for the low-LGD style of loans extends to other
cases. For example, an obligor whose probability of default equals 10%
might provide collateral to reduce LGD to 10%. Again the lender feels pro-
tected by the collateral, but the inherent quality of the borrower is low.
Basel II requires capital of only 7.7% for such a loan, in preference to the
second of our hypothetical loans. Furthermore, the Basel II preference for
low-LGD loans extends to other PDs. For our hypothetical loans, even if
the probabilities of default were one-tenth, or one-hundredth, as great as
mentioned, Basel 1T would still encourage banks to make the first loan in
preference to the second.

Now consider the risk weight function itself. For corporate exposures
in IRB, the risk weight function is found in paragraph 156:

RW = (LGD/50)x BRW (PD) 1)

where BRW is the Basel II risk weight function. The BRW function is non-
linear and concave. If PD falls by half, BRW also falls — but it falls by less
than half. Because of this concave relation, BRW produces conservative
risk weights at even low levels of PD.

By contrast, the relation between risk weight and LGD is strictly pro-

T These levels of capital are low, compared with the Basel Il levels, for reasons stat-
ed by Robert Morris Associates. The present concern is simply to find which loan has
greater risk

2 The calculations and functions referenced in this article are provided in a spread-
sheet on request. Please send an e-mail to Jon.Frye@chi.frb.org, using as the sub-
Ject field “Weighting for Risk”

3 This has been detected in Frye (2000b) and in an unpublished study by Edward Alt-
man, and has been observed at banks
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portional. If LGD falls by half, the risk weight also falls by half. This pro-
portional relationship means that equation (1) cannot produce a conserv-
ative risk weight when LGD is low. It is the proportional response to LGD
that leads to the low capital requirement on the first hypothetical loan, and
to the exaggerated preference for low-LGD lending.

The preferred alternative

Ideally, the problem diagnosed in the previous section would be correct-
ed after a thorough analysis of LGD. This analysis would produce the con-
cave risk weight function of LGD that best fits historical experience and
projections of an adverse year. At present, however, no such analysis can
be fully satisfactory, because of the scarcity and generally poor quality of
data on LGD.

Even though the LGD data has flaws, the risk weight function need not
assume a simple proportional response to LGD. An improved function
would track Basel IT through moderate levels of LGD, but it would become
more conservative when LGD is low. This would require a concave func-
tion. The concave function used in the preferred approach is the one al-
ready at hand, BRW. This approach simply moves LGD from outside the
BRW function to inside:

Preferred RW = K x BRW (PD x LGD /50) 2

The factor K would be chosen such that the total capital requirement for
the banking industry would be the same in equation (2) as in (1). In this
article, K is assumed to equal 90%, but a careful study might arrive at a dif-
ferent factor.

The preferred risk weight function (2) is explicitly ad hoc — it is ad-
dressed specifically to this problem that arises with low LGDs, rather than
being the result of a theoretical exercise. Though it does not claim to arise
from theory, it claims to produce better results. Specifically:

(1) The preferred risk weights restore the ranking of the hypothetical pair
of loans.

(2) The preferred risk weights are distinctly more conservative than Basel
1T when LGD is low. They approximate Basel I when LGD is moderate.
(3) The preferred risk weights agree, better than the Basel II risk weights,
with the actual behaviour of LGD.

The first of these is easily established. For the hypothetical pair of loans,
the preferred risk weights imply capital of 13.9% and 9.0%, respectively.
The preferred weights recognise the first hypothetical loan as substantial-
ly more risky.

Note the way that the ranking is restored. For the second loan, the pre-
ferred risk weights reach almost the same judgement as Basel II. But for
the first loan, the preferred approach allocates 13.9% capital rather than
5.3%, or about 2.6 times as much.

16 -
—— Preferred
—— Basel Il

Capital

5 15 25 35 45 55 65 75
Loss given default

To establish (2) more generally, figure 1 shows the ratio of the preferred
risk weight to the Basel II risk weights, for three levels of PD. When the
ratio is near 1.0, the preferred risk weights are near the Basel IT risk weights.
Figure 1 shows that the ratio is near 1.0 for moderate levels of LGD. Specif-
ically, for LGD between 25 and 70, the ratio is between 0.75 and 1.25,
which means that the preferred weight is within 25% of Basel II. This holds
for all three levels of PD, 0.1%, 1.0% and 10%. Figure 1 also shows that
the preferred risk weights are distinctly more conservative than Basel II
when LGD is low. For example, if LGD equals 5%, the preferred risk weight
is more than double the Basel 1I risk weight.

In figure 1, it is perhaps surprising that the three lines, reflecting three
very different levels of PD, are close to each other across the entire spec-
trum of LGD. This simply means that when it comes to the ratio depicted
in figure 1, the level of PD has little effect.

The preferred risk weights can therefore be seen as multiples of the
Basel II risk weights, where the size of the multiple depends principally
on LGD. For moderate LGD, the multiple is near 1.0. If LGD falls below
25%, the multiple rises rapidly, which results in a more conservative cap-
ital requirement for low-LGD style lending.

This behaviour establishes claim (2). The preferred risk weights are in
broad agreement with Basel II for moderate LGD, but become distinctly
more conservative for low LGD.

In passing, figure 1 shows a practical effect of the preferred risk weights
as they would contrast with Basel II. Foundation IRB institutions, which
cannot recognise LGD below 40%, would find capital requirements mod-
erately reduced. Advanced IRB institutions would find capital decreased
for some assets and increased for others.

Figure 2 compares the capital requirements for a borrower with PD =
1.00%." The straight line shows the the linear response of capital under
Basel II. The concave, less steeply sloped line shows capital under the pre-
ferred approach. Either approach offers an incentive to reduce LGD. The
preferred approach is more conservative than Basel II when LGD is low.

Claim (3) compares the two risk weight functions with data from de-
faulted debt losses. This is the subject of the next section, which begins
by highlighting the central feature observed in the data.

LGD responds to adversity

The Basel II risk weight function embeds an assumption regarding LGD in

the adverse year. The adverse year is simply the year in which bank credit

loss is at its 99.5 percentile. Data from the adverse year does not exist. For

the default rate, Basel IT uses a model to project its value in the adverse year.
The issue being raised is LGD in the adverse year. If a particular kind

4 As figure 1 suggests, other levels of PD produce a similar appearance, except for a
change in the range of the vertical axis
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of loan has an LGD of 10%, what can we expect in the adverse year? This
section shows that Basel 11 expects that all LGDs to rise 56% above their
long-term averages. The preferred risk weights embed a different as-
sumption, which makes the response of LGD sensitive to the level of LGD.
A low LGD can therefore rise by more than 56% in the adverse year. This
section then shows that the latter assumption — that the response of LGD
is not uniform — is a better fit for loan and bond data.

To see the assumption embedded in the Basel II function, multiply (1)
by 8% to obtain capital, substitute the BRW function from IRB paragraph
171, and gather together the constant factors:

Capital = 8% x (LGD/50)x 976.5x N[1.118x G (PD}+ 1.288]
x (L+0.047x (1- PD)/PD%)
=1.56x LGD x N[1.118 x G(PD )+ 1.288]
x (L+0.047x (1- PD)/PD%*) )

= (A)x ®)x ()< 0)

Each of the four factors in this expression has a well-defined identity.
Factor A is a number that makes regulatory capital equal to 8% for a spec-
ified reference loan (PD = 0.7% and LGD = 50%). Factor B is expected
LGD. Factor C is the function that projects the default rate in the adverse
year, employing considerable theory and assumptions.’ Factor D is an ad
hoc adjustment from the one-year loans assumed by factor C to the three-
year loans assumed by Basel II.

To show how equation (3) works in a concrete example, we recalculate
the capital required by Basel II for the first hypothetical loan discussed above:

Capital = 1.56 x 5.0% x 63.6%x 1.08= 5.3% (4)

Assuming that factor D does its job of correcting for the difference between
three-year loans and the one-year analysis horizon, the Basel II function
is saying that to protect itself against default loss, a bank should hold cap-
ital equal to:

Capital = 1.56 x LGD x Default rate in the adverse year (5)

In contrast to this amount of capital, the default loss in the adverse year
equals LGD times the default rate. Therefore, the amount of capital in (5)
is accurate only if, at every point along the LGD spectrum, LGD in the ad-
verse year is 1.50 times its expectation.

This assumption does not appear explicitly in the Basel II documents
and probably did not play a role in calibrating the risk weights. Implicit-
ly, however, the Basel II risk weights assume that in the adverse year all
LGDs respond the same, by rising 56% above their long-term averages. An
LGD of 10% would rise to 15.6%, an LGD of 50% would rise to 78% and
an LGD of 75% would rise to 117%.

Of course, average LGD cannot rise above 100%, so we seem to have
arrived at a logical contradiction in the Basel II approach. The contradic-
tion might be overcome with a bit of reinterpretation, but the fundamen-
tal problem — a proportional response to LGD — remains.

A different assumption is made by the preferred risk weights. It can be
simply stated, since the Basel II risk weights implicitly assume that LGD
rises by 56%. For the preferred approach, the response of LGD to the ad-
verse year is as follows:

Adverse year LGD /Expected LGD =1.56 x Preferred RW /Basel Il RW (6)

Equation (6) shows that the response of LGD to the adverse year equals
1.56 times the ratio that was charted in figure 1. That ratio depends pri-
marily on LGD. Thus, the preferred approach assumes that LGD response
depends on LGD, while Basel I assumes that LGD response is insensitive
to LGD. The two assumptions will next be compared with the available
data from defaulted debt recoveries.

Very little data is available at present. Some studies find that LGD re-
sponds to a high-default period, but to distinguish the alternatives we need
to know the difference between the response of low-LGD assets and the
response of high-LGD assets. The author is aware of only one study of
bank loans that addresses this difference. This internal bank study com-

Collateral Average LGD Average LGD Response to

type overall period high-default high-default
period period

(1) 16% 50%* 213%*

(2) 20% 56%* 180%*

(3) 22% 37% 68%

(4) 30% 53% 77%

(5) 38% 59% 55%

(6) 40% 58% 45%

* Based on small number of defaults

Seniority Average LGD Average LGD Response to
overall period high-default high-default
period period
Senior secured 37% 50% 35%
Senior unsecured 50% 58% 16%
Subordinated 63% 71% 13%

pares the LGD of several collateral types within two periods, an overall
period spanning 1989 to 1999, and a high-default sub-period spanning 1989
to 1991. The data appears in table A.°

Although table A reflects the experience of only one bank, it tells an
important story from the standpoint of choosing a set of risk weights. First,
LGDs do not respond uniformly to a high-default period, but rather, as the
last column shows, there is a range of response from 45% to 213%. Sec-
ond, lower LGDs generally respond more strongly than do higher LGDs.
Third, most of the collateral types show a response greater than 56%.

All three features contradict the assumption implicit in the Basel II risk
weights. The greater-than-56% responses, combined with the increased re-
sponsiveness of low-LGD loans, should raise warning flags for Basel 1I,
because they suggest the potential for a serious understatement of regu-
latory capital.

As well as investing in loans, banks invest in bonds, and risk weights
apply to them. Bonds and loans differ in many ways, but bonds are gen-
erally subordinated to loans and therefore have greater LGDs. The bond
LGD data comes from the Moody’s Default Risk Service database, and re-
flects the same selection criteria established in Frye (2000b). For bonds of
three seniority levels, table B displays both the average LGD on the over-
all period of 1983-1997 and the average LGD in the high-default sub-pe-
riod of 1990-1991.

As with the loan data, bond LGDs do not respond uniformly to a high-
default period, and lower LGDs show a stronger response. These features
undermine the Basel IT assumption of a uniform response. In contrast with
the loan data, the bond LGD responses are much less than the 56% as-
sumed by Basel II. Unless loan LGDs respond much more strongly than
bond LGDs, this feature suggests that Basel Il may be too conservative for
high-LGD loans, such as subordinated lending under foundation IRB, which
has LGD set to 75%.

5 The “N” function denotes the cumulative distribution of a standard normal variable,
and the “G” function denotes its inverse. Factor (C) is derived in numerous publica-
tions. Using the notation of equation (3) in Frye (2000b), the Basel Il risk weights em-
ploy p? = 0.20 and X = -2.5758, which represents the 0.5 percentile of the standard
normal

6 The complete list of collateral types includes most of the common categories. Some
of these collateral types had only a small number of observations in the low-default
sub-period and were eliminated from the analysis. No identification is made of the col-
lateral types appearing in table B
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Thus, both in loans and in bonds, LGD responds to high-default peri-
ods. Assets with lower LGDs show a greater response, contrary to Basel
11, which imagines that every LGD responds by 56% to the adverse year.
This suggests the Basel II function is too conservative for high-LGD lend-
ing and not conservative enough for low-LGD lending.

Figure 3 brings together the elements discussed in this section: the loan
data and the bond data appear as points, and the assumptions embedded
in Basel II and in the preferred approach appear as lines. The horizontal
axis shows expected LGD. The vertical axis shows LGD in the high-default
period (for the loan and bond data) and LGD projected for the adverse
year (for the two sets of risk weights). The straight line shows the linear
assumption implicit in Basel II: regardless of level, each LGD responds to
the adverse year by rising 56%. The concave, less steeply sloped line shows
the assumption implicit in the preferred approach.

The pattern of the data points agrees better with the preferred approach.
In fact, the data pattern appears less steeply sloped than either projection.
This suggests little danger that the preferred approach overstates the re-
sponse of LGD.

In using this data to help choose between the two sets of risk weights,
we must extrapolate twice: to lower LGD assets, and to more adverse fi-
nancial conditions. The Basel II risk weights perform the extrapolation by
assuming that LGDs of all levels will respond to the adverse year by ris-
ing 56%. The preferred risk weights project a low percentage response for
high LGDs, and a high percentage response for low LGDs. This non-uni-
form response provides a better match for the data we have and for the
conditions we can imagine.

Objections and responses

A number of objections might be raised to the proposal presented above.
This section responds to several of them.

[]Objection: The “flaw” in Basel IT has little effect, because low-LGD loans
do not exist. Response: Many banks are devising LGD ratings and quan-
tification systems, and some of these systems have buckets that map to
LGD = 5% and LGD = 10%. Especially if the risk weights of Basel II are
adopted, banks will have a strong incentive to analyse their historical data
to discover the characteristics that have led to low average LGDs, and then
to pursue business that has those characteristics.

[JObjection: Low LGD loans exist, but bank regulators will not allow clas-
sification into very low LGD grades. Response: Regulators will allow banks
to use any level of LGD that they can adequately support.

L] Objection: Loans having low LGD also have low collateral risk, so the
potential to respond to the adverse year is not great. Response: Some oblig-
ors pledge cash or Treasury bill collateral on some loans, and regulators
may choose to allow lower capital for these low-response loans. But regu-

lators should not conclude that every low-LGD loan is a low-response loan.
An increasing share of low-LGD exposure is to asset-backed lending, which
achieves a low LGD through collateralisation. The collateral is rarely if ever
cash or Treasury bills, and it probably has risk equal to other collateral.

(] Objection: It is too soon to adopt the preferred risk weights, because we
have insufficient data to be certain that they are optimal. Response: Regu-
lation will not wait for the data. In particular, regulation cannot wait to ex-
perience the adverse year. A judgement must be made, aided by the evidence
that is available. Part of the evidence, which will not change with the pas-
sage of time, is that Basel II encourages banks to lend on collateral.

[J Objection: The preferred risk weights cannot be adopted, because a
good model does not support them. Response: A good model, and good
statistical analysis, lead to a risk weight function of the same form. As dis-
cussed in Frye (2000b), capital involves the product of functions that pro-
ject LGD and PD to their adverse levels. To a high degree of accuracy, the
product of these functions can be approximated by a function of the prod-
uct of LGD and PD. Conversely, figure 1 shows that the risk weights pre-
sented in this article are approximately the product of separate functions
of PD and LGD. No doubt, the regulatory risk weight function will evolve
as theory develops and data accumulates. But for the time being, the sim-
plicity of using a single function makes it appear preferable.

Conclusion

If regulatory risk weights provide a meaningful incentive to banks, the
weights that appear in the consultative document will have distorting ef-
fects on bank lending. They will encourage banks to engage in a form of
lending more appropriate to specialised, better-capitalised finance compa-
nies. They will encourage banks to accept, through reliance on collateral,
greater systematic risk than is prudent. Most importantly, if the level of LGD
rises sharply at the same time as the rate of default, they might leave banks
with insufficient capital to survive the adverse year when it arrives.

A simple change to the risk weight function could avoid these ills. One
possibility has been stated and shown to be distinctly more conservative
for low-LGD loans. It gives banks an incentive to reduce LGD, but a more
moderate incentive. It agrees with the data we have from loans and bonds,
and with reasonable ideas of what is apt to happen in an adverse finan-
cial environment. It is by no means the only remedy, nor can it be proven,
with the paucity of data currently available, to be the best remedy. But it
represents an improvement. ll

Jon Frye is senior economist in the policy group at the Federal Re-
serve Bank of Chicago. He thanks Mark Carey and Marc Saiden-
berg for valuable conversations. For helpful comments on earlier
versions, he thanks Mike Atz, Matthew Foss, Dale Klein, Cathy
Lemieux, Dennis McLaughlin and the members of the FRB-Chica-
go regulatory capital comment group. The views expressed are the
author’s and do not necessarily represent the views of the man-
agement of the Federal Reserve Bank of Chicago or the views of
the Federal Reserve System

Comments on this article can be posted on the technical discussion forum
on the Risk website at http://www.risk.net
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