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Abstract

The capital requirements formula within the Basédcord is based on a Merton one
factor model and in the case of credit cards aatassrelation of 4% is assumed. In
this paper we estimate the asset correlation fordatasets assuming the one factor
model. The datasets relate to a national sampteedit card accounts and the second
to a specific credit card portfolio. We show thlae tasset correlations assumed by
Basel Il are much higher than those observed indttasets we analyse. We also
segment one of the datasets and show the variatiagset correlations between risk
segments. We also show the reduced importanceaifsenved factors in explaining
default patterns when observable, as opposed tioseneable, macroeconomic factors
are included in the model. We then show the redndt capital requirements that a
typical lender would have if the values we estirdateere implemented in the Basel
Accord in place of the current values.
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1. I ntroduction

The aim of this paper is to present estimates eétasorrelations for credit card
portfolios. The recent difficulties of banks thrinagit the world has focussed
attention on the amount and detailed nature of latigns that the banking sector
operates under. Large banks in the G10 countrieohliged by their regulators to
follow the Basel Il Accord (Basel Committee on Bargk Supervision: 2006) when
deciding on the amount of capital to hold to protdweir shareholders against
operational, market and credit risk. Under the Adcdanks may follow a
standardised approach or an IRB approach to caieglaheir risk capital. Those
following the latter, probably the majority of lardpanks, must calculate their capital
requirements for different loan segments using qmaton based on the Vasicek
formula (Vasicek 1987) with different assumed asseftrelation parameters for
different types of loan portfolio. For many retaggments, such as mortgages and
qualifying revolving retail exposures, the Accorssames an asset correlation of a
specific value: 15% for residential mortgages aPal fér revolving exposures. For
other types of retail loans, and for other segmefotsexample corporate loans and
loans to small and medium sized enterprises, tbet @srrelation depends on the long
run probability of default for that portfolio, (asell as maturity for non retail

exposures).

However the empirical work on which the assumecdetags®rrelation values for
mortgages and revolving credit portfolios were ldalsas not been published and an
embryonic literature, mainly examining corporatarle and loans to banks, finds
asset correlation values much lower than the galoplied by the Basel formula.
For example Rosch (2003) estimated corporate aswetlations in Germany by
modelling the number of bankruptcies over time. fidend values around 0.86%
when macroeconomic variables were omitted and 0.82#n they were included.
Hamerle et al (2003a) found comparable values fanymindustries in the G7
countries. In other work Résch (2005) found thafpoocate asset correlations varied
according to rating class, where the class wasatiol by an external ratings agency.
In this work Résch did not include borrower spexcéifects, however in Hamerle and

Rosch (2006) this was attempted for a sample ofm@erfirms in manufacturing and



in commerce. The estimates were even smaller,rdieglirom 0.6% to 0.04% when
company specific variables were included. Estimatésasset correlations for
consumer loans or for mortgages are rare. Roscltahédule (2004) considered three
exposure classes, residential loans, credit candsogher consumer loans from US
commercial banks. When, following the Basel Accotidey assume the default
probabilities are constant over time, asset caiagla of 1.0% for credit cards and
0.98% for real estate loans were estimated. Whecraeaonomic variables were

included, the asset correlations fell to 0.66% @u28% respectively.

However there is no published work in which thesassrrelations for consumer loan
portfolios are estimated and where individual sjpe@ffects are included, and there
is no published work that reports asset correlation UK credit card portfolios. This

is the aim of this paper. In principle one woulgest that the more covariates that
are used to explain the probability of default bigaarower the lower the computed
asset correlation and empirical evidence for ofieetors appear to confirm this. We
use two datasets, one relating to individual boei@wand the second relates to all
credit cards issued in the UK. We find asset cati@h values that are very

considerably below the value assumed in the Aceowd that the correlation varies

systematically with the riskiness of a borrowerrasegt.

The structure of this paper is as follows. In thikofving section we specify the model
and estimation strategy that we use. In sectioeetlwe present our results and in

section four we discuss some implications of th8ettion five concludes.

Notational Conventions

Throughout the paper we adopt the following conesist We assume time is
measured in discrete intervals. Let denote a vector of variables whose observed
values are specific to individuaki = 1...N), but that do not vary over time. Let,
denote a vector of variables whose observed valaeg between individuals and
between time periods € 1...T). Let z, denote a vector of variables whose observed
values vary between time periods, but not betwewlviduals. LetY, denote a

variable whose values vary over time but which ao¢ observable. We denote



individual variables in upper case and their rediss in lower case. We usdo

denote an arbitrary lag. We writ(s | Y, =y, ap p(y, )for convenience.

2. The Modd

The model follows Hamerle et al (2003b), Hamerlel &bsch (2006) and Rdsch
(2005). Consider the following to apply within argeular risk segment. LetA,

denote a borrower’s assets asd, denote the realisation of his asset’s in a previou
period. These may be in natural logs. Let the retur his assets be denot&], so

R, = A, —a,., We assumeR, is an unobserved latent variable and is linealiytee

to its mean, 1,, an unobserved random time specific effegt, and a random

componentg, . Thus we can write

R, = 4, +bY, +cg,, (1)

where R, is normally distributed with meap, and variances?; Y, ~ N (01) and
&, ~ N (0).We assumeY,and ¢, are independent an¥, is serially uncorrelated.
The variance obY, is b® and that ofe, is ¢ and so, given independenceY9aind
&,, o’ =b*+c”. One implication of equation (1) is that condiibon Y, values of
R for any two cases,andj, are independent. Another implication is that sift; is

unobserved we cannot estimate c.

Equation (1) may be standardised to give

R~ H =£Yt +Ce 2)
g

C
g g

Now suppose, following Gordy (2003) and Hamerlalé2003b) we write equation
(2) as



Rt _/'Iit ZBYt + ,1_62‘?“, (3)

o

~_ b : : :
where b =—. The correlation between the standardised val@ieR,0 and R;, is
o

b2 = (Bj (Schonbucher: 2000).

Following Merton (1974) a borrower defaults whea talue of his assets falls below

a threshold level. If we denote this threshold kgsthe probability of default for

borroweri is

— th /'IIt |t alt—l /’Iit
P(At < kit) - P[ o < j

g (4)
= P[BYt +41-b’g, < ait),

wherea, = M Thus the probability of default can be written as
o
P[en < ﬂ] ©)
1-b?

and conditional on the realisatiof = y, this probability equals

by,
=@ 6
p(y.) = (Wj (6)

where ® denotes the standard normal cumulative distrilputio

Equation (3) assumes that the standardised retwes dot vary systematically over
time; instead it varies only randomly accordingvfoand &, This is the assumption
of Basel 2. But now suppose that the standardisedrr, and so the probability that

casei defaults, is affected by observable states ofett@omy, possibly lagged. For

example if interest rates increase we may expetta average individual is less able



to repay his outstanding loans. If, following Hareeet al (2003b and 2006), we
assume that the mean of the return depends linearlgbservable macroeconomic

variables, as well as characteristics of a borrowercan replace equation (1) by

R, =By + X/ B+Xyy +2 8 +bY, +cg, (7)

where S, is a constant anfl,y andd are vectors of parameters to be estimated. By

substitution equation (6) becomes

NIRRT _ TS _h
P(At<kn|xi=xi,xn=xn,zt=z[,Yt)=¢(““ XPoX¥ 29 bYt]. (8)

V1-b?

wherep =p/0,7=y/o and &=5/0.
To parameterise this model we follow Hamerle e(28l06) equation (8) and also

assumeaq, is a constant. There the log-likelihood is derii®dsupposing that we

observe a particular default pattern across bomevie period t, and finding an
expression that equals the probability of obsentimat pattern, conditional on the

realisation y, of Y,. Thus if we observe a default patte(d,,d,,....d,, Wwhere

d, =1 denotes that borrowein periodt defaults, the log-likelihood is

LL= Zln(jh(yt)qo(yt)dyt} (9)

Ny
where h(y,) = ” P(|Y,=y)"@A-P(|Y,=y))"* and ¢ denotes the standard

normal density function.

Essentially equation (8), together with the defaoltdition, is a mixed fixed effects -

random effect probit model where the fixed effectsare

xiTE/\/l—BZ ,XI?/\/l—Ez andzfg/\/l—g2 and the random  effect s



(5/\/1—52)\(t . Notice that unlike more conventional panel modieésrandom effect

is over time not over cases. Correspondingly theegmation in the maximum

likelihood function (equation 9) is over the randeffect that varies over time.

b
V1-b?

the variance of the random effect and the assetlation between any two borrowers

is

One can parameterise such a model by maximisingltfanction where

within the same segment is

=)
= 1-b* =b2. (10)

&

V1-b2 ) (V1-Db?

~

b
V1-b?

estimation and so we can calculate the asset ataelusing equation (10). We

The value of[ jcan be estimated as part of the maximum likelihood

parameterised equations (6) and (8) using maximigliHood and estimated the
standard error of rho using the delta method dfrigjsley (1986).

Alternatively one can obtain estimates of the assetelation in a portfolio using
aggregated data instead of data for individual dwers. Here we closely follow the
models of Gordy and Heitfield (2002), Résch (20@8)d Rosch (2005). Define

Nt
D, = Zdn where d,, is defined above andll, is the number of active borrowers in
i=1

periodt. Assume equation (1) explains returns. By asswmpttonditional on the

realisation Y, =y,, the returns of any two borrowers within a segmeng

independent. Therefore the distribution of the nembf defaults in period,

conditional on the realisation of , is binomial with parameteréN,, p(y, Where
p(y,) is given by equation (6). The probability @f, defaults in period t may be

written as



N
(D, [Y) :(Dth(Yt)D‘ @=py )™ ™. (11)

t

By assumptiony, and &, are serially independent so the unconditional matdog-

likelihood (which we denote LL) can be found byeigtating equation (11) over all

possible values o¥,, taking the product over time periotisl...T and taking logs.

This gives
L T Nt D N;-D
L=l [l PO @ P )™ ™ )aty )y |. (12)
t=1 -0 t
Alternatively, if we assume returns are explaingddguation (7) rather than by

equation (1), thenp(y, )n equation (12) may be replaced Ipfy,,z , Which is

equation (8) with andy restricted to a vector of zeros.

For an individual risk segment equation (12) allawe to parameterise equation (6)
(or equation (8) with the above restrictions) usmgrely data on the number of
defaults, the number of active accounts and obblrvame varying covariates. As
Rosch (2005) states, if time varying macroeconoradables are included in

equation (6) the proportion of the variance Rf that is explained by the random

effect will be lower than if the macroeconomic @&les were omitted.

We parameterised equation (6) using the NLMIXEDcpdure in SAS. We used
Gaussian adaptive quadrature (Pinheiro and Ba®&§)Xo compute the integral over
the time varying marginal effects and the delta hoétof Billingsley (1986) to
compute the approximate standard errors for rhdh Boe standard procedures in
SAS.



3. Results
3.1 Account Level Data

We use two datasets. The first dataset is a randoselected sample of
approximately 200,000 credit card accounts thattedio a single credit card issued by
a financial institution. We define default as migsia third due monthly payment or
the account being written off, and the time of détfés the first month in which either
event happens. The observations cover 87 conseamidnths from the late 1990s to
the mid 2000sThe dataset is unbalanced: accounts were opertfleaent points in
time. Some defaulted in the observation periodermsthdid not.Due to software
constraints we took a random sample of 20% of tbeoants to estimate the
parameters of equation (6) for the portfolio ashel. The results are shown in Table
1. These show the estimated asset correlation \Hl0e396%. This is considerably
below the value of 4.00% given in the June 200&igearof the Basel Il formula for
revolving accounts not in default. The Basel Accatdtes that the risk weight
formula is to apply to segments of equal risk withi portfolio, (‘risk buckets’). In
practice risk segments are often identified by dears operating in the same country
or, in the case of corporate loans, in the samesimng. In the case of credit cards one
could segment a portfolio according to very manyaldes, for example income
level, occupation, address region, age and so oninVestigate the effect of a
segmentation we divided the portfolio into risk gpe where each group consisted of
borrowers in the same decile of generic risk scBezh decile therefore consisted of
approximately 20,000 accounts. The results of eging equation (6) for selected
deciles is shown in Table 2. The results show &ayatic relationship between asset
correlation and generic risk score. At higher gslore deciles (lower risk) the asset
correlation is smaller than at higher risk scoreilds (higher risk). In decile 10, the
asset correlation was not statistically differentf zero.

Table 3 shows the effect of additional covariatastlte estimated value gb. We
consider two alternative equations; one includingaable that varies over cases and
over time: balance divided by credit limit and aiggon which omits such a variable.

As expected, in both cases when more covariateadated the value gb declines.



The equations suggest some collinearity because Wwalkance divided by credit limit

is included, many of the other variables becomgmificant.

However a caveat to this section is in order. T¢tmant level dataset spans only 87

months. The second dataset spans a longer period.

3.2  Agoregate Data

The second dataset is quarterly time series ditang to the repayment performance
of all credit card issuers in the UK and was kindlypplied by APACS. The data

period is from 1990 Q2 to2007 Q4 and so spans ahnhoreger period than the

account level data.. This dataset does not showmuh#&er of accounts that defaulted
in each time period, but instead shows the numbearccounts that were overdue by
various periods, for example by one month, two themand so on. We also had the
number of accounts that were written off in eaclartgr as well as the number of
active accounts. We defined a default event asgbeimen an account became three

months overdue. The relationship between theseeptmcan be written as:

Dt - R[ = Ot _Ot—l +\Nt’ (13)

where D, is the number of accounts that became three mawbsiue in month;
R denotes the number of accounts that were more3haonths overdue ittl that
repaid sufficient amounts to be just 3 months owerth periodt; O, denotes the

number of accounts that were three or more montleydoe in periodt; and

W, denotes the number of accounts that were writténinoperiodt. The dataset
contained information orO,and W, and prior research experience by the authors

suggests that the number of accounts that are 3hsawverdue that repay enough to

be just three months overdue is very small and scassume thaR = .0If this
assumption is untrue then we are modelldg- R, the net change in the number of
accounts 3 months overdue betwéemdt-1 rather thanD,. The time series of the

number of defaults as a percentage of active a¢sasirshown in Figure 1. The data

show a discernable upward trend since around Ma97,1%lbeit with some



perturbations. Table 4 shows the results of paranseting equation (6). These
suggests that the asset correlation of the paotfoiicredit cards made available by
UK issuers is around 1.8% when estimated in thig. Whis is considerably higher

than the 0.4-0.6% which estimates based on theowerrlevel dataset suggested.
Both sets of values are considerably lower thanvidaes assumed by the Basel 2

formula.

4, I mplications

Considering both sets of results the values oftasseclations that we have estimated
are similar to those found by other researchers.eikample, values around 1% for
credit cards in the US were found by Résch and 8ehg004). Hamerele et al
(2006) found values around 0.6% for manufacturing 8.1% for Commerce in
Germany in the 1990s. However Rdsch (2005) is »acemion that finds asset
correlations for US corporates around 5% when niogetlefaults for three separate
risk grades, BB, B and CCC. We also found that éniglsk segments had higher asset
correlations. This was not found by Résch (op witho found that whilst the CCC
grade had the highest correlation the lowest wathi® B grade. The reduction in the
value of rho when other covariates are includedthe model is expected and

consistent with previous studies.

The Basle Il Accord gives the capital requirem&ntfor a risk segment of a portfolio

of qualifying revolving retail exposures as

‘ ¢(¢‘1(PD)+pcD‘1 (0.999)} 14
1-p

where PD is the mean probability of default. TablsHows the implications for

capital requirements for differing PDs and assetetations. It can be seen that if the

mean PD is around 3% and the asset correlatio@s1é6 or even 0.6% were applied,

the capital requirement, as a factor of LGD wouéd dpproximately 25% of that

required by the Accord with its given asset cotiefaof 4%. The over capitalisation



is larger if the mean default rate is lower. Foample if the mean default rate was
1% the capital requirement would be around 23%hef talue required under the

Accord.

Our finding that higher asset correlations occurhigher risk bands might be
concerning to lenders because it is the higherlyésid borrowers who are most likely
to default. Nevertheless the asset correlationen en the highest risk band in our
data, were not as large as the assumed correlatidghe Accord, and it is the

assumptions of the Accord that are currently eddtay regulators.

A further implication is that equation (14) is affwely equation (6) witha,
assumed constant for the segment and the valie sét at®™(0.999 ) its extreme
expected value on 0.1% of occasions. With an assurakies ofp and p(y, ) one

can estimate a mean PD from this equation. This rR&ais unaffected by changes in

Y, because the value & has been fixed. The estimated value of PD is thezed

through the cycle estimate and this estimation ptethas been advocated by for
example Forrest (?) as a method of estimating a TD@dP portfolios with few, if
indeed, any observed defaults. However if the vafyeis assumed to be 4% when in
fact it is merely 25% of this value then the TTC Rl be considerably in error.

Those who wish to use this method might be wisetwicler lower values .

5. Conclusions

Although the Basel Il Accord requires banks whohatis follow an IRB approach to
estimating their capital requirements to use artas®relation for credit card loans of
4%, our results suggest that this is considerabiyer than the asset correlations that
occur in practice. Our results suggest a valueradirad half of the required amount.
This finding adds to those of other studies whickehaoncentrated on corporate
loans so that this conclusion applied to both caf@oand consumer loans. We have
found that asset correlations are greater forersgiedit card borrowers and that there
may be noticeable differences between the corosiatdf different lenders.
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Tablel

Borrower Level Dataset Parameterisations of Equation (6)

Const sdYy) Yo,
Coeff na** 0.0630** 0.00396**
SE (0.0093) (0.0012)
Chi Sq(1) 45.35

No Groups = 87
Av no of obs per group 19,879
Na = not available for confidentiality reasons.

* denotes significance at 5%; ** denotes significamt 1%
The significance of the standard deviation is deiech by dividing the coefficient by
its standard error and assuming this has an appat&it-distribution.

Ref: \stata\p3p11.log



Table?2
Parameterisations of Equation (6) for Score deciles

Const st b — .Yj P Av no of
\J1-b?
obs per group
(NxT)
Decile 1 Coeff -2.575*%* 0.0803** 0.0064** @39
SE (0.0113) (0.0108) (0.0017)
Chi Sq(2) 67.59
Decile 3 Coeff -2.756** 0.0590** 0.0035* 9,69
SE (0.0097) (0.0097) (0.0011)
ChiSq(21) 25.64
Decile 5 Coeff -2.902** 0.0506** 0.0026** 10,95
SE (0.0098) (0.0117) (0.0012)
Chi Sq(2) 9.03
Decile 7 Coeff -3.024** 0.0466** 0.0022 11,238
SE (0.0106) (0.0148) (0.0014)
Chi Sq(2) 3.88
Decile 9 Coeff -3.333** 0.0334 0.0011 9,598
SE (0.0165) (0.0011) (0.0029)
Chi Sq(2) 0.16

No groups=87.

* denotes significance at 5%; ** denotes significamt 1%

The significance of the standard deviation is deiech by dividing the coefficient by
its standard error and assuming this has an appat&it-distribution

Ref: stata\p3pl4.log, stata\p3p15.log, stata\p3pdGstata\p3pl9.log



Table3
Borrower dataset: Parameterisation of Equation (8)

Coeff z-stat Coeff z-stat

Const -2.626 -171.67 -3.870 -109.85
Income -0.000 -0.030 0.000 0.84
(Base Age: 18-24)
Age 25-29 -0.073 -3.82** 0.052 2.14**
Age 30-33 -0.103 -5.10** -0.005 -0.20
Age 34-37 -0.078 -3.86** 0.028 1.08
Age 38-41 -0.138 -6.33** -0.023 -0.84
Age 42-47 -0.112 -5.46** 0.015 0.59
Age 48-55 -0.200 -9.15%* -0.039 -1.42
Age 56 plus -0.286 -11.78** 0.016 0.05
(Base: non self

-employed)
Self Employed 0.60 3.62** 0.052 2.51**
Time with bank -0.001 -16.54** -0.0004 -6.42**
No of cards -0.008 -1.47 -0.010 -1.73
Balance/credit limit 1.809 66.90**
Alnterest rate -0.117 -1.89 0.123 1.55
AUnemployment 0.003 2.06** 0.002 1.23
AReal earnings 1.230 2.54** 0.427 0.70
AHouse price -0.000 -1.92
AFTSE
ATotal Credit -0.000 -0.79
Sd(Y;) 0.047 5.53** 0.050 5.22
P 0.0022 Chisqg 20.38** 0.0024 Ch sq (1)=15.85

* denotes significance at 5%; ** denotes significamt 1%
The significance of the standard deviation is deiteeoh by dividing the coefficient by
its standard error and assuming this has an appetgit-distribution

Ref: stata\p3p21.log & stata\p3pl7.log



Table4
Aggregate L evel Dataset Parameterisations of Equation (6)

Const sdYy) Yo,
Coeff -2.642** 0.1379** 0.0187**
SE 0.0164 0.0116 0.0031

No Groups (time periods) = 71

Av no of obs per group =1

* denotes significance at 5%; ** denotes significamt 1%
The significance of the standard deviation is deiteech by dividing the coefficient by
its standard error and assuming this has an appetgit-distribution.

Ref: \APACS\a2.html



Table5
Capital Requirementsasa Multiple of LGD implied by Basdl 11 Accord

PD yo, Capital Requirement
0.01 0.004 0.006373

0.01 0.006 0.008163

0.01 0.04 0.030621

0.02 0.004 0.011299

0.02 0.006 0.014391

0.02 0.04 0.051418

0.03 0.004 0.015635

0.03 0.006 0.019844

0.03 0.04 0.068735

Basel assumed parameters in italics.
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