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Abstract

Typically models of credit card default are built static data, often collected at time
of application. We consider alternative modelst thiso include behavioural data
about credit card holders and macroeconomic camdtiacross the credit card
lifetime, using a discrete survival analysis framev We find that models that
include these dynamic variables give statisticalnificant improvements in model
fit which translate into better forecasts of defail both account and portfolio level
when applied to an out-of-sample data set. Addlily, by simulating extreme
economic conditions, we show how these models eamskd to stress test credit card
portfolios.

1. Introduction

Consumer credit scoring models use details abdigarb or potential customers that
are static. In particular, this is the case fquliation scoring models that are used to
determine whether an applicant should be granteditcbased on data collected at
time of application that then remain fixed. Typigathis is information taken from
the completed application form and a credit scoretlie individual provided by a
credit bureau. Such static models can also be tasadsess obligors after they have
been issued credit to determine if they are likelypecome delinquent on payments.
However, such models are restrictive since a caafitfolio is naturally a panel data
composed of a collection of obligor accounts, eath its own credit history over
time. As such a dynamic model would be more apmtg to determine
creditworthiness within a portfolio. In this waygcent time-varying behavioural
factors such as credit usage and payments can dx tossupplement the basic
application data in order to yield more accuraténmeges of creditworthiness.
Additionally, a dynamic model can include other géivarying components. In
particular we may expect common economic risk f&cto affect all obligors in a
portfolio generally in the same way. For example, would expect that a large
increase in interest rates to cause, ceteris pardogeneral increase in probability of
default (PD). Further, static models typically yrilave value in assessing the
riskiness of applicants and obligors. Howeverwd want a complete picture we
should be looking ateturn alongside risk. Thomas et al (2001) argue thatdan be
done using profitability estimates based on accpenformance over time for which
dynamic models are required and for which statidet® cannot be used. In this
paper, we present dynamic models of default whiatlude behavioural variables
(BV) and macroeconomic variables (MV) in additiandpplication variables (AV).
We have a large panel database of UK credit caiaated, based on this, assess these
models in terms of model fit and predictive perfarmoe. The inclusion of MVs also

1of 14



Dynamic Models of Default on UK Credit Cards Bellotti and Crook

enables us to perform stress tests since extreametc conditions can be simulated
and included in the model to generate a measudressed loss. We use Monte
Carlo simulation to generate loss distributiongestimated default rates (DR) as the
basis of a stress test of our credit card data.

Survival analysis can be used to build dynamic reoadé default since it readily
allows the inclusion of BVs and MVs as time-varyicayariates (TVCs). Bellotti and
Crook (2008) follow this path using the Cox propmwal hazard survival model to
model time to default for a large database of ¢realids. They include MVs, but not
BVs, as TVCs and find a modest improvement in mtedd performance in
comparison to a static logistic regression. Hexe, take a similar approach.
However, we differ in that we uskscrete survival analysis as opposed to continuous
time. Discrete survival analysis can also be ustded as a logistic regression on a
panel data set with the data set up so that defwaibnditional on no prior default
having already occurred, for each account. Simeditcdata is usually in the form of
a panel data, and in particular account recordsi@mete (eg monthly records), this
is a more natural choice than continuous time satvanalysis. It also has the
advantage of being more computationally efficiants probability forecasts involve
simple summations over time periods, rather thanindegration which may be
complex when TVCs are included in the model.

Ultimately, financial institutions and regulatoneanterested in consumer credit risk
models for estimation of future losses at both aot@nd portfolio levels, either in

normal (expected) circumstances or considerings#iet conditions. For this reason,
we focus primarily on using the models for forerastPD and DR. For a large

database of UK credit cards we establish the fafigmew results:-

* The inclusion of BVs improves model fit and alsgnoves forecasts; and the
best results are achieved with the most recenti@inal data;

» Several MVs are found to be statistically signific@xplanatory variables of
default, but this does not translate into improfegeécasts at the account-level,

* However, we show that including MVs does improvenesgtion of loss (DR)
at a portfolio or aggregate level;

» Additionally, we show how models with MVs can besddor stress testing
and report loss distributions based on Monte Canhoulation of economic
conditions.

In section 2 we outline the methods we use, desgithe discrete survival model,
test procedures and stress testing methodologgedtion 3 we describe our data and
present results in section 4. Finally, we giveatasion and discussions in section 5.

2. Methods

2.1 Discrete survival model for dynamic credit scor ing

We consider a panel data set of loan or credit eaobunts. For each accounwe
have the following data:
* 4 is the date of account opening;

d, indicates whether the accountlefaults at time after account opening
(O=non-default, 1=default);
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* W, is a vector of static AVs collected at time of @ast application;
X, is a vector of BVs collected across the lifetini¢he account.

We model the probability of default (PD) for eadteunti at timet as
P, :Prdit:1|dis:Oforalls<t;wi,xit,zit,k,l) 1
=F a+(p(t)TB1 +WiTB2 +Xi(t—k)TB3 +Zi(t—I)TB4) ( )
where
z, is a vector of MVs which are the same for eacloacston the same date;
that is, for any two accountsj with duration timed ands respectively, if
a +t=a; +sthenz, =z,

» kandl are fixed lags on BVs and MVs respectively;

« ¢ is a vector transformation function of duratioratths used to build a
parametric survival model; in particular, we usee thransformation
o(t) = (t.t?,logt, (logt)?);

* ¢ isintercept an@,,pB,,B,,p, are vectors of coefficients to be estimated,

* F is a given distribution function. We use the dia logit function

F()=1/[t+e™).

We ensure that the underlying panel data is canstleby the condition in (1): that is,
no observations are recorded after the first defanl any account. Given this
condition, the model is a proportional odds diser&tirvival model with the failure
event given as default. It can be estimated ustagdard maximum likelihood
estimation for logistic regression (Allison 1995 oefficient estimates on duration
¢(t) form a baseline hazard function. The estimatediwal probability of an

individual i at some time is given as the product of the probability of feiting at

each time period conditional on not having faileevously. That is
t

S(t)= g(l— P.). 2)

The failure probabilityl - S (t) then gives PD up to timewhich is the typically used

measure of PD and can be used in further analyfieeaccount or portfolio level for
credit scoring and computing capital requirements.

In order to compare performance of different moc@inponents such as BVs and
MVs we consider the following special cases of nidile
1. Duration only: fixp,,B,p, to zero.

2. AV only: fix B,,p, to zero.

3. AV and BV only: fix g, to zero.
4. AV, BV and MV: all coefficients are estimated.

The lagk on the BVs restricts the range of forecasts thatlwe made by the model,
since a periok after our observation date, there will no longeramy behavioural

data available to make estimates. For examplieiflag is 6 months then we can
only forecast using the BV model up to 6 monthsaaheClearly the longer period we
can forecast forward, the better. However, we waxpect that if longer lags were
used, forecast performance would deteriorate. 8dawe a trade-off. We expect
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forecasts of 6-12 months ahead to be useful anslesoonsider lags of 12, 9 and 6
months. We also include a 3 month lag model, ebeugh this is not a useful
forecast period, for comparative purposes overtdagrperiods. It is also possible
that some BVs are endogenous variables. For exantiptre may be a common
underlying factor which causes both an increaseeaount balance and default. Then
high balance is not a cause of default, althoughay be found to be an important
driver of default in the model. The shorter thg lgeriod, the more likely this
connection, which is another reason why longer tgspreferable and we report the
BV lag 12 explanatory model. Nevertheless, we rtbtg although endogeneity
affects the identification of cause, it does ndedf forecasts which are the main
concern of this paper. The situation with thetiexgn| on the MVs is different. The
MVs can be estimated using standard autoregressathods (Hamilton 1994) or
may be used with simulated values during stregses For this reason we use MV
values at time of default. In particular, for tleisercise, we use a definition of default
as 3 months of consecutively missed payments, ftirereve take a 3 months lag on
MVs.

2.2 Performance measures

We use the log-likelihood ratio (LLR) for model fiir each of the model separately
and to test goodness-of-fit for nested models. tBistonly measures model fit on the
training sample and not performance measures f@césts. Since we are using
survival models which model time to failure (detputhe usual measures of model fit
for classification algorithms, such as error ratesl the Gini coefficient, do not
naturally apply, nor do the standard residualsrégression such as mean square
error. Survival analysis has its own residuals tlaa be used to measure fit related to
how well the estimated survival probability matchies observed time of default. In
particular, these residuals take account of cedsdaga too. One useful measure is
the deviance residual given by

oi = Sgr(rMi )[_ Z{rMi +9 Iog(o_i ~ i )}]1/2 3)
wherer,, =90, —ry is the martingale residual ang = —Iogél(ti*) is the Cox-Snell

residual wheret; is the last observation available for individiabnd J, =d..

indicates whether it failed at that observatiorhe Thartingale residual takes account
of whether or not an individual fails but unforttely they are not symmetrically
distributed about zero nor are they additive ternifie deviance residuals have the
advantage that they are more symmetrically disteitbiand the sum of their squares
forms the statistic

D=>r2= —2(Iog L. —logL, ) (4)
where I:C and I:f are the maximum partial likelihood under the cotrand the full

model respectively. The full model implies a moaeth perfect fit to the data
thereforeD gives a measure of log-likelihood deviance of thedel from the best
case. Therefore models giving smaller valueB bfve better fit (Collett 1994).

The deviance residual is designed for assessingcdsts at the account level.
However, our models can also be used to forecash aygregate level: eg across
accounts within a single portfolio. The observeR for an aggregate & accounts
at a particular calendar datés given by
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1 N
i=1

which, assuming independence between default eviempties that the estimated DR
forecast by a particular model is

E(Dc) = %; I:)i(c—ai) : (6)

The difference between expected and observed DR tliees a measure of
performance for aggregate forecasts.

2.3 Stress testing

We consider a simulation-based stress test of DRrmoaggregate of accounts using
Monte Carlo simulation (see eg Marrison 2002). praxedure is as follows.

1. Build a dynamic model with MVs from a training datet.

2. Generate a simulation of economic conditions asieslof MVs based on
historic macroeconomic data.

3. Substitute the simulated MV values into the moaeldll cases in a test data
set to simulate defaults.

4. Repeating steps 2 and@,times to build a loss distribution of estimated DR
over different economic scenarios.

5. Use the loss distribution to compute estimated BiRektreme circumstances.

Stress tests should considamexpected but plausible events. Whemn is large,
sufficient extreme events can be simulated to ntketfirst criteria; basing the
simulations on historical data ensures the second.

Often Value at Risk (VaR) is used to compute sa@sglues in step 5. However,
VaR captures worst case in normal circumstancesreds stress tests should
consider unusual circumstances. Therefore VaR mo&ye an appropriate measure
of stressed loss (BIS 2005). For this reason wesider expected shortfall as a
measure of loss. We define this as the expectegrfinioss in the uppe(li—a)
percentile of the loss distribution given a sigrafice levela. Using the latent
variable model of logistic regression (Verbeek 208&kction 7.1.3), we can simulate
DR for some calendar time periaj given a model, a vector of macroeconomic
conditionsz and a vector oN independent residual terms= (5(1),---,£(N)), each

distributed inF, as
19 T
D/(z.¢) =NZ_1:|(U+(P(C‘31 ) B+ W, By + X a i) Bs t Zigea) > 5@))- (7)
where | is the indicator function. For examplepifr panel data is monthly amrds

taken as June 2005 then (9) gives an estimate ofvifiitn June 2005. Monte Carlo
simulation can then be used to approximate expesttedfall with

s =i(§DD(z? e)) 8)
T am — c\Tj %]
where j=1 to m, each zjD IS generated by macroeconomic simulation aﬁdare

generated randomly frorf ™ and both are indexed so that the simulated DRsénare
descending order; ie for ali< j, DY(z5,&)= D{z%,2°). The number of iterations
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m is chosen so that (8) converges to a stable vallibis simulation takes into
consideration the error in the model representedhbyresidual terms, along with
changes in macroeconomic conditions. This is atgince otherwise the point
predictions of equation (6) are wrongly assumele@xactly correct.

Simulated values for MVs could be drawn naivelyedily from historic values.
However, this would not preserve the structureegethdencies between the MVs and
so will yield implausible scenarios and lead to leasding results. To preserve the
covariance structure between MVs we use Choleskgrdposition (Marrison 2002).
If V is a matrix of covariances for historic macroecuoitdata then it is decomposed

by a lower triangular matrix. such thatV =LL". Then, if u; is a sequence of

independently generated values from the standamaiadistribution,z; =Lu; will

follow the covariance structure & and so can be used as economic simulations.
Cholesky decomposition assumes the variables amaatly distributed. However,
this is not usually the case for MVs and so we yappransformation to MVs if this is
required, prior to simulation. A Box-Cox transfation is used since this often
produces an approximately normal distribution (Bmd Cox 1964). Alternatively,
we use an empirical probit transformation to impaseaormal distribution on the
historical data.

3. Data

3.1 Credit card data

We have three large data sets of UK credit card davering a period from 1999 to
mid-2006 comprising over 500,000 accounts. Albdsgts include AVs taken at time
of application for a credit card then fixed, alomigh monthly account behaviour
records. The AVs include housing and employmeatust length of customer
relationship with bank, income, age and a credieau score. Most data are collected
in the same way and have the same objective medwitvgeen credit card products,
although distributions vary since different produetill have different demographic
and risk profiles. Variables that may be defindtecently for each product have not
been used; eg the bank derived behavioural scomotisised. There are a small
proportion of missing values for monthly paymentoammt so an indicator variable is
also included for these variables. Also, thereaal@ge proportion of zero values for
some BVs, payment amount, sales amount and APRndioator variables are
included for those cases tooDefault is defined as when an account goes three
consecutive months delinquent on payments. Thia @mmon definition in the
industry and follows the Basel Il convention of 88ys delinquency for consumer
credit (BCSC 2006). The data we use for our amaigscommercially sensitive and
therefore we cannot provide further details, dagacdption statistics or report the
observed DRs.

Following Granger and Huang (1997) we divide thegbaredit data set into an in-
sampletraining data set and a post, out-of-samptest data set based on a given
observation date. Accounts from the full data aet randomly allocated to the
training and test data sets in the ratio 4:1. Bpbt of the data allows sufficient
observations for training whilst leaving a good to@mof accounts out-of-sample for
independent tests. Additionally, only records prto the observation date are
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included in the training data set, whilst only aocts that are open on the observation
date are included in S. This procedure enablet® yserform forecast tests which
mimic the way the model may be used in practicéo iforecast ahead for an existing
set of accounts. We take 1 July 2004 as our oh#ervdate since this provides up to
24 months of test data.

3.2 Historic UK macroeconomic data

We consider several UK MVs for which we had a pegpectation of their having an
effect on PD. These are listed in Table 1. Irevipus study (Bellotti and Crook
2008) on a different data set we found that bamkrést rates, earnings, production
index and house price were statistically significemplanatory variables of UK
default so we include these. Production indexsseduinstead of GDP since it is
available monthly whereas GDP is only provided tprér. Gerardi et al (2008) also
found unemployment rate was significant for US difa Additional to these,
Breedon and Thomas (2008) also found variablesdosumer sales and prices were
also correlated to default and bankruptcy in astolda number of stressed credit
markets worldwide. We also include these MVs aditeonally the FTSE index and
consumer confidence index since these may be guatidators of confidence in the
economy. All variables are taken as differencer & months in order to reduce
effects of a time trend and spurious regression.

Table1l. UK macroeconomic variables (MVs) with descriptstatistics for values
from 1986 to 2004. Sources are the UK Office ofibdal Statistics (ONS),
Nationwide Building Society (Nat.) and the Europ&ommission (EC). Data is

monthly and may be seasonally adjusted (SA).

MV Description Source Descriptive statistics
(for difference in value over 12
months)
Min Mean SD Max
IR UK bank interest rates ONS -4.5 -0.43 1.90 6.5
Unemp UK unemployment rate (in ONS -535 -94 238 575
‘000s) SA
Prod UK production index (all) ONS -5.2 1.10 2.30 6
RS Retail sales value ONS 0.3 3.92 1.49 8.5
FTSE FTSE 100 all share index FTSE -822 81 286 682
HP House price Nat. -6.5% | +7.9% | 7.6% +26%
RPI Retail price index (all ONS 1.2 4.96 2.36 12.8
items)
Earnings | Earnings (log) all including ONS 0.008 | 0.019 | 0.006 | 0.038
bonus
CcC Consumer confidence EC -20.3 0.7 24.2 186.8
index
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4. Results

We present results in four subsections. Firstly,discuss coefficient estimates from
the model build. Secondly, we present model fit forecasting results at the account
level. Thirdly, we present forecast results at #ggregate level. And lastly we

present stress test results.

4.1 Model and coefficient estimates

Many BVs and several MVs were statistically sigrafit explanatory variables. We
focus attention on the model for BV lag 12 mon#isce this is the most practically
valuable model in terms of forecast range. Tabkh@ws coefficient estimates for
this model. Only BVs and MVs are reported simmethis study they are the ones of
interest. We have the following key outcomes:-

1. The signs on current balance (log) and its squaa@pposite but the positive
sign on the square dominates. Therefore, balantstamding on the account
has an increasing positive effect on default hazdris is unsurprising since
a larger balance will be more difficult to clear.

2. Anincrease in credit limit reduces the hazarditidity this may be surprising
since a high credit limit encourages higher balaaue therefore greater risk.
However, at least in the short term, it enablesabigyor to have a buffer to
build up debts before reaching default. Also, blamk sets the credit limit
based on their own assessment of the obligor'swbetia so credit limit is
acting partially as a proxy for a behavioural score

3. The amount paid back each month, indicated by paystatus and payment
amount, has a negative affect on default. Thisxigected since a greater
ability to repay implies that default is less likel

4. Number of transactions has a positive effect omaualef This is expected since
it indicates greater card use and hence a risingnba.  However,
interestingly, the effect of transaction sales amtas negative. A possible
explanation is that sales amount is acting as dicator of wealth when taken
together with number of transactions. That is,pbeavho make a few big
purchases are more likely to be wealthier and fbezemore able to repay
than those who make many small purchases.

5. When behavioural data is missing, PD decreasesidayably. However,
since all duration times up to 12 months will neve BVs (because of the
lag) this is mainly a joint effect with duration.

6. Interest rate has a positive affect on default.isTi& expected since rising
interest rates imply greater demand for repaymenbutstanding loans and
mortgages which will adversely affect those peopleo are more highly
indebted.

7. Production index has a negative affect on defaf8ihce this is an indicator of
economic prosperity, we would expect this as goodnemic conditions
should tend to lead to lower DRs.

8. Increases in UK retail sales leads to an incredsBn This may be an
indication of over-spending which will then tend gtace stress on indebted
credit card holders.

9. Surprisingly, the FTSE 100 is positively signifitan As an indicator of
economic health, we would expect it to have theosfip sign, rather like the
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production index. However, it is better to intefpit as a measure of
confidence. In that sense it may behave like the retail salsable as an
indicator of consumer confidence that may leadvierandebtedness.

Table2. Coefficient estimates for model with all AVs, Bi&y 12 months and MVs.
Only estimates on BVs and MVs are shown. Indicatoiables are denoted by a plus
sign (+). Statistical significance levels are deddoy asterisks: *** is less than
0.001, **is less than 0.01 and * is less than Oc®I.

Covariate | Estimate
Behavioural variables (BV) lag 12 months
Payment status + :
Fully paid -0.360***
Greater than minimum paid -0.130***
Minimum paid 0.0983**
Less than minimum paid 0.669***
Unknown -0.0946*
Excluded category: No payment
Current balance (log) -1.39%**

“ (log squared) 0.475%**

“ is zero + -0.948***

“ iS negative + -0.567***
Credit limit (log) -1.126***
Payment amount (log) -0.140***

“ is zero + -0.100*

! is unknown + -0.418***
Number of months past due -0.0290
Past due amount (log) 0.0928

“ is zero + -0.722***
Number of transactions 0.00737***
Transaction sales amount (log) -0.372%**

“ is zero + -0.620***
APR on purchases -0.00295

“ is zero + -0.440***
Behavioural data is missing + -3.50%**
Macroeconomic variables (MV) lag 3 months
Bank interest rate 0.0568*
Unemployment rate 0.000328
Production index -0.0144**
FTSE all 100 0.000083**
Earnings (log) 0.969
Retail sales 0.0161**
House price (log) 0.496
Consumer confidence -0.00019
Retall price index (RPI) 0.00419
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Points 1 to 3 corroborate the results of Gross@muleles (2002) who built dynamic
models of default for US credit card data. Thewynid risk of default rises with
balance and falls with repayments. They usétization - outstanding balance
divided by credit limit - instead of the raw vala&balance, which is sensible given
the relationship discussed in point 2. Also theyl lthe same outcome for interest
rates described in point 6. They also found unegmpent rate significant, and
although we do not, we do have the same positiye. sBellotti and Crook (2008)
found similar results as points 6 and 7 on a dfiierUK credit card data set and
although the studies do not correspond with redaravhich MVs are significant,
overall, the signs on coefficients are the sameint® 6 and 7 also corroborate the
study by Breedon and Thomas (2008) across severd-wide data sets. They find,
consistently, GDP negatively correlated and interates positively correlated with
default and bankruptcy rates.

4.2 Model fit and forecasts of time to default

Model fit is shown in Figure 1 giving a general immpement in model fit as we move
from the simple duration only model to the AV ontpdel to the AV and BV model.
Additionally, we also observe that model fit impeswith shorter lag on BVs with a
relatively large improvement at 3 month lag. Hoesvas we have discussed, the
improvement comes at the price of a much shortegaaf forecasts. We see that
although some of the MVs are statistically sigmifit their contribution to model fit
is weak. Nested model fit is also assessed andethdts given in Table 3. This
shows that adding BVs to the model gives a stasiliyi significant improvement in
fit. Adding MVs to the model also gives a statatly significant improvement, even
though the improvement is small.
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ﬁ 180000 8
%‘i 28000 -| g
@ 170000 2
© 26000 - 9
a) H—
8 160000 I,
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Model

—0— Test: Deviance residual —e— Training: log likelhood ratio

Figure 1. Model fit and forecast performance for differemdels.
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Table 3. Model fit results for nested models using differe in LLR and a chi-

square significance test.

Nested model Compared to Difference | Number of P-value
base model in 2xLLR added
covariables
AV only Duration only 12413 29 | <0.0001
AV & BV lag 12 AV only 5289 21 | <0.0001
AV,BVIag12 & MVlag3 | AV&BVlag12 18 9 | <0.0001
AV & BVlag 9 AV only 7946 21 | <0.0001
AV & BV lag 6 AV only 12458 21 | <0.0001
AV & BV lag 3 AV only 26559 21 | <0.0001

Figure 1 also shows results of forecasts. TheHewiahe model fit results very
closely and show a marked improvement in fit fog 8V models, improving with
shorter lags, but no noticeable change in foremaairacy when MVs are included.

4.3 Estimation of Default Rates

Figure 2 shows estimated DR for different modetsmglwith the observed (true) DR
for each month of the test data set. The monthgeoved DR has high variance but
there is a general trend of high values in 2005 tfadling in 2006. All models
successfully follow this pattern to some extend;luding the AV model. This
implies that the changes in DR may largely be dudifferent levels of risk amongst
different cohorts of accounts at time of applicatioHowever, the model with MVs
clearly follows the observed trend much more chaséhterestingly, although the BV
model with lag 3 is the superior forecast modahataccount level, it tends to over-
estimate DR and the fit is weak at the aggregatel.le

Observed or estimated
default rate (DR)

Qv

>

NG

X Y &

P &
&

Q%

&

e

N / % 2 ,

&

—o— Observed DR ---a--- AV only
—e—AV,BVlag 12 & MV ——AV & BV lag 3

--+--AV & BV lag 12

Figure 2. Estimated DR given each model compared with oleseBR for each
month of the test set data. The scale on DR isimoivn since it is commercially

sensitive.
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Table 4 gives overall performance for each modedsscthe whole test data set. This
shows that the model with MVs is clearly the besineator giving the minimal
deviation from observed DR (2.4%). We use a pattedt to check that the
difference in performance is statistically sigrafint. We consider the deviation (ie the
absolute difference) each month between forecasbhserved DR for each model,
using data shown in Figure 2. We find the serfedeoiations of the MV model is
statistically significantly less than both the Axllpand BV lag 12 month models

with p-values of 0.0016 and 0.022 respectively.

Table 4. Difference between estimated and observed DR stess set data for each
model.

Model Difference between estimated
and observed DR

AV only -9.4%

BV lag 12 -8.6%

BV lag 12 & MV lag 3 -2.4%

BV lag 12, MV lag 3 & interaction terms +17.2%

BV lag 3 +14.5%

4.4 Stress test results

We ran Monte Carlo simulations using the MV modekg in Table 2. A stable loss
distribution was generated afte=25,000 simulations and is shown in Figure 3. The
right-hand tail shows risk for more adverse coodsi In particular we have included
the figure for expected shortfall at tlme=1% level. This shows that for the worst 1%
of economic scenarios we consider, the expected(DB5) is 45% greater than
normal conditions (ie median estimated DR). VaRI$® shown for comparison. We
see that this gives a lower estimate of extrems (@s37) which may not reflect
extreme circumstances sufficiently. These figuaes credible and, in particular,
match the figures for credit card loss for the W8ss testing exercise by FRS (2009).
In particular they estimate a rise between 20% %6%b when contrasting a normal
“baseline” figure to “more adverse” conditidns

5. Conclusion

We have argued that dynamic models are a flexipfgaach to model and forecast

consumer credit risk. They have several distidebatages over static models.

(1) We can naturally model time to default (or any otbeent such as repayment)
rather than just whether an account will defaulis@ne time).

(2) They allow the inclusion of BVs which enables beftaecasts of default using
recent behavioural data.

(3) MVs can be included to give better model fit angbioved forecasts at aggregate
(portfolio) level and enable stress testing.

(4) Dynamic models potentially allow us to build prability models which consider
the return on loans as well as the risk.

! FRS (2009) gives baseline two-year loss rate&k7% and “more adverse” as 18-20%. Taking the
lower and upper bounds on each range and convettirgn average monthly DR gives 20-55%

expected increase in loss. Taking a mean valuebéseline and more adverse (14.5% and 19%
respectively) gives a mean increase of 34%.
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Figure 3. Distribution of estimated DR based on simulatbbeconomic scenarios
for test data during July 2004, shown as a histagr&he observed DR for the data
set is shown along with Value at Risk (VaR) ande=ted shortfall at 1% level. All
values are expressed as a ratio of the medianastinDR.

We have used discrete survival analysis using alg¢ model. This has two main

advantages. Firstly, it is a principled meansuddodynamic models of default and,
secondly, modelling and forecasting is computatignefficient when compared to

continuous-time models such as the Cox proportidmatard model. This is

important when we consider large data sets of temiounts as we do. We have
tested the effectiveness of dynamic survival modats BVs and MVs as models of

default. We explore these models as tools for nsasurement, forecasting and
stress testing with the following key findings.

« Many BVs are statistically significant explanatowariables of default and
including them give improved model fit. ImportaBVs are account balance,
repayments, number of transactions within each mant credit limit. We find
this translates into improved forecasts of tim@édault. Performance improves
with shorter lags on BVs. This is expected sirtoater lags imply that the model
IS using more recent information about the obligorowever, we also note that
shorter lags imply shorter ranges of forecasts gnedter endogeneity between
BVs and the default event. For this reason wedamnulag 12 month BVs. This
gives improved performance, relative to the AV omlgdel, and also allows for
useful forecasts up to 12 months ahead.

» Several MVs were also found to be statisticallyngigant: bank interest rates,
production index, FTSE 100 and retail sales. Hawetheir inclusion gave only
a modest improvement in model fit and no noticeablgrovement in forecasts of
time to default at the account level. Nevertheleb®e MV model gives
significantly better forecasts of DR at the aggtedavel. This is understandable

13 of 14



Dynamic Models of Default on UK Credit Cards Bellotti and Crook

since MVs are systematic “macro” variables thag¢etfthe population as a whole.
Hence their affect will only become noticeable flrecasts at the aggregate level
where accounts are taken together.

» The inclusion of MVs enables stress tests whictegee credible results. We use
a simulation-based approach but scenarios coutdlesdesigned and used with
these models.
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