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1. WHAT ISTHE PROBLEM?

11 Every credit company needs to anticipate the payment behaviour of its clients. In particular, it needs to know the amount
of writeoff which will arise from the advances which it has dready made. Bad Debt Forecasting is concerned to estimate:

a) The amount of currently outstanding debt which will not be repaid;
b) Thetiming of the write-offs;
c) If possible, the consequences for bad debt of decisions on the portfolio and trends in the credit market.

12 Bad debt forecasts usualy take the form of provisions - percentages of the balances outstanding in various categories of
debt are set aside to provide for future writeoffs. In each accounting period, new provision is made based on the amounts
entering each of these debt categories, amounts actualy written off are deducted from the outstanding provison. The new
provision is entered on the profit and loss statement. The net total provision is entered on the balance sheet.

13 Higtoricaly, provisioning levels have been established in arough and ready manner. Thisislargely because:

a) the categories on which provision was made were subjectively defined;
b) the criteria for write-off were dso subjective;
b) no computer records of accounts histories were available, so any estimation of percentages passing to

writeoff was based (at best) on small scale samples taken during audits.

14 This system of provisioning is still widely used, particularly on current account portfolios. It does not give rise to mgor

problems where:
a) bad debt isinsignificant in proportion to the overall portfalio;
b) the portfolio is stable, and hence bad debt levelsare stable;
) there are no marked trendsin delinquency.

These conditions are increasingly rare; hence the historica method isincreasingly insufficient.

15 When a portfolio grows rapidly, the historical method is likely to be very mideading. It normally makes provision only for
late stages of ddinquency. Therefore, no provision is made for new accounts going to writeoff repidly. Further, the
categories are based on subjective judgment of accounts. The criteria are typicaly vague - for example "al reasonable
measures for interna collection of the debt have been exhausted” - and describe the actions which have been taken on an
account, rather than the state of the debt as such. When collection resources are under pressure, a backlog builds of
accounts awaiting action. This means that the "action” criteriafor passage to a different category cannot be fulfilled. But the
lack of action is, in fact, aggravating the longer-term bad debt situation. Thus, the bad debt provision is of little value in
accounting terms and is positively mideading as management information. (See the Monopolies and Mergers Commission
Report on Credit Card Services, pp.186-191 for examples of fluctuating bad debt provisions).

16 The mgor dternative to the higtorical method is based on roll-rates. Accounts pass through severd arrears stages -
typically six to nine - before being written-off. A roll-rate is thought of asthe probability of passing from one statusto the
next. The roll-rate from status k to status k+1 is defined as the amount in statusk+1 in period n+1 divided by the amount
ingtatusk in period n. Table 1 gives an example.

Status Bdances - Bdances - Roll Rate
31/05/90 30/06/90

Tota Current £25000k £25200k [ -
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Satus Balances - Balances - Roll Rate
31/05/90 30/06/90
Carried Fwd R £20000k 2000/2500 =80%
New Spend vl £5200k | e
Arrears 1 £1500k £1250k 125/2500 = 5%
Arrears 2 £400K £300k 30150 =20%
Arrears 3 £240K £240K 24/40 =60%
Arrears4 £200k £180k 1824 =75%
Writeoff £160k 16/20 =80%
Table1- Roll Rates Calculation
17 In order to cdculate the future bad debt arising from the amount currently outstanding, we must take account of the

payback rate. Therefore, a "current-current” roll rate is caculated. Thisis the ratio of debt outstanding from the previous
period which is il outstanding - and in order -one period later. Thus, the writeoff provision corresponds to what would
ariseif dl spending were stopped on the portfolio and payments applied to existing debt.

18 The bad debt predi ction is made by multiplying through theroll ratesfor agiven initia distribution of debt. Table 2 gpplies
the roll rates of Table 1 to the debt shown a end May. It is possible to caculate the write-off arising with an infinite
horizon, by use of smpleformulae. A provision level corresponding to each arrears status can dso be derived.

Status Roall May June July Aug. Sep. Oct. Infinity
Rate

Current 80% 25000 20000 16000 12800 10240 8192 0
Arrears 1 5% 1500 1250 1000 800 640 512 0
Arrears 2 20% 400 300 250 200 160 128 0
Arrears 3 60% 240 240 180 150 120 96 0
Arrears 4 % 200 180 180 135 112 90 0
Writeoff 80% 0 160 154 154 108 90 0
Cumulative 0 160 314 463 576 666 1006
Write-off

Outstanding 27340 21970 17610 14085 13360 9018 0

Table2 - Application of Roll Rates
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19 Implicitly, aroll rate model assumes that debt which does not "roll on" to the next state is repaid. This assumption is not
correct. Usualy, barely enough is repaid to restore the balance to order; the remaining balance is il at risk. This faulty
assumption leads to systematic bhiases in the estimated provision levels and is especidly prone to error in estimating the
timing of writeoff.

110 Therall rates model works tolerably for products where:

a) there is no spending except on accounts which are current;

b) delinquency is defined as time since last payment - i.e. in each period, dl the accounts in a particular
status either move on to the next state or return to current status;

c) al accounts in a given arears status have about the same chance of rolling on the next status in the
coming period.

111 Roall rate models assume that there is a gtrict succession of dtates, corresponding to months delinquent. The modd has
considerable difficulty where accounts can jump between arrears states, because of partia payments, where spending
OCCUr'S 0N accounts in arrears or where accounts can stay in the same state for severa successive periods. These can lead to
roll-rates of more than 100% and cause severe anomadlies in the results. All of these problems occur on current accounts.
They lead to an erratic modd, which normaly underestimates the time before a writeoff will show up but aso
underestimates the ultimate write-off arising from the outstanding balance.

112 Where a behavioura scoring system is in use, or there is some other statistical method to classify the risk on individua
accounts, roll rates are unsatisfactory. They do not take this extra information into account.

113 Rall rate models do not dlow for modeling of the effect of future spending patterns. Hence, they are of little help in the
financial management of aportfolio.

114 The bad debt modding problem isto find a methodology which:

a) allows delinquency statesto be defined in more generd terms;

b) which takes account of spending patterns on out of order accounts;

c) whichisuseful in making cash-flow projections;

d) which provides anatural way of exploring aternative scenarios of future payment patterns;

2] which can be adapted to deal with portfolios a various levels of complexity, depending on the purpose
in hand.
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2. MARKOV MODELS- THE IDEA

21 The solution to the problem liesin generdizing the roll rate approach. A powerful generalization can be obtained by usng a
satistica technique known as Markov Chains. Such models were first suggested for commercia lending portfolios in 1962
(Cyert & d. 1962). A more recent gpplication is to be found in Corcoran, 1978. Further references are given in the
bibliography. The ideas described here apply this technique to the consumer credit area and atempt to dea with the
practical problemsinvolved in modeling. This section describes the basics of how such amodd works.

22 One of the main problems with rall rates is the assumption that accounts pass through a fixed sequence of states, neither
stopping nor making partial recoveries, nor jumping states. Instead, we define aset of " risk states' . In generd, an account
can jump from any state to any other -or remain put - in successve periods. For ingtance, an account which was three
months delinquent may make a partial payment and be classified as one month delinquent. On the other hand, if the
customer's cheque bounces, the account will go to ahigh risk statestraight away .

23 Not al states need correspond to delinquency. For instance, the bad debt provision on an inrorder account will vary
considerably with its behaviourd score. This can be accommodated by defining risk states which correspond to behavioud
scorebands. In fact any group of accounts whose behaviour is of particular interest can be singled out as arisk state.

24 Table 3 gives an example of a st of states which could be used for current accounts - the type of account for which roll
rates are least suited. We define two extra "fictitious" states - paid back and written off.

In-Order Baances Mild out-of-order Severe out -of-order "Fictitious'
New alc, low risk <30 days, low risk Arrangement, 3+ months Paid back
New alc, medium risk <30 days, medium risk Arrangement, 1-2 months Written-off

New alc, high risk

<30dayshighrisk, low
balance

Promise to pay, no cheque
book

Primary alc, never in debit

Primary alc, low risk

<30 days, highrisk high
baance

30-60 days, low baance,
low risk

Abusive ussw/ GCC

Default notice - no savings
alc

Primary alc, medium risk

30-60 days, low baance,
high risk

Default notice - has savings
alc

Primary alc, highrisk 30-60 days, high baance, Ealy Legd
low risk
Secondary alc, low risk 30-60 days, high baance, Latelegd
high risk
Secondary alc, medium/high Pending write-off

risk

Table 3 - Examples of Risk States, Current Accounts

25 On any given date, an account is classified in asingle sate. We can estimate the probability that an account moves from one
gate to another quite readily, using standard satistical techniques. However, bad debt forecasting is concerned with
balances, not with numbers of accounts. Therefore, we need aso to model the changesin balance over aperiod.

26 Thisis accomplished by treating the payment recelved as being separate from the state of the account. Suppose an account
isin arrears with a debit balance of £1000 and makes a payment of £150 to clear the arrears. Of the £1000 in an arrears
state at period 1, £150 moves to the Paid-back state, the remaining £850 moves to be a current balance in period 2.
Therefore, the total balance is consarved. Thus, we use aform of "double entry book-kesping'.
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27 Bdances can change for anumber of reasons:

- payments and credits received reduce debit baances;
- interest increases balances by afixed percentage;

- spending increeses debit balances,

- fees are treated like spending.

In order to explain the overdl changesin the portfolio, each of these changes needs to be accounted for.

28 Interest is charged on the balances in some states, but not in al. A spending rate can be calculated for each state, giving new
spend as an absolute amount or as a percentage of balances in each state. Thus, we can reconcile the totd baances
outstanding in successive periods.

29 Table 4 illugtrates how this analysis might work on the portfolio shown in Table 1. It assumes that accounts in areas 1
make a minimum payment of 10% to recover, those in arrears 2 make a 15% payment, in arears 3 a 20% payment is
needed and in arrears 4 a 25% payment is necessary. Spending is assumed to be proportiond to balances for accounts which
are in order or in Arrears 1. No spending is assumed in later stages of delinquency. Interest is charged up to arears 4 & a

rate of 2% per month.
June State May State Totd Interest New June
Caried Spend Bdance
Inorder | Arr.1 | Arr.2  Amr.3 | Arr. 4 Forward

Paid Back 3750 120 24 12 10 3916 --- ===
In Order 20000| 1080 136 48 30 21294 426 4911 26631
Arr. 1 1250 0 0 0 0 1250 25 283 1563
Arr. 2 0 300 0 0 0 300 6 0 306
Arr. 3 0 0 240 0 0 240 5 0 245
Arr. 4 0 0 0 180 0 180 4 0 184
Write Off 0 0 0 0 160 160

Total 25000| 1500 400 240 200 27340

June 21250| 1380 376 228 30 23264 465 5200 28929
Outstanding

Table 4- One-month Markov modd

210 The key results are in the shaded areas. A total of £3916k in paymentsis received, but new spending amounts to £5200k.
Thusthere is aneed to finance an extra £1284k - thisisthe net cash flow from the portfolio. £160k iswritten off during the
course of the month. The last column shows the resulting portfolio structure in June. The totd amount outstanding is
£28929k, of which £26631k is current. This takes account of interest payments, of new spending and of the progression of
accounts through various aress states. Thus it is possible to get a complete picture of the state of the portfolio, month by
month - cash flow, outstanding balances and risk structure.

211 In practice, fewer of the cells are zero; some accounts will make partial payments and move from Arrears 4 to Arrears 2;
others may declare bankruptcy and move from current to writeoff in asingle period. "Generdised roll rates' are calculated,
which give the proportion of the balance outstanding in one stete which moves to any other in the next period. This
overcomes the restriction on the nature of the states.

212 These generdlised roll rates are combined in a set of mathematica equations known as a Markov modd. This alows the
state of the portfolio to be projected forward one period at atime. By compounding these one period projections (as with
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roll rates), projections can be made over longer periods. If quarterly periods are used, projedions over atwo to three year
horizon are likely to be quite reliable. As with any statistical model, longer horizons must be treated prudently. The model
isuseful in longer term planning. However, avariety of scenariosfor trendsin the generalised rol | rates should be used. This
tests the realism of the assumptions made.

213 The model suggested here is very general. It can be used to project bad debt and to assign provisioning levels. However, it
can aso generate funding requirements and be used to project portfolio growth. It aso dlows for "what if" simulations of
the effect of changing various palicies - not just in relation to bad debt, but dso in relation to recruitment, to interest rates,
to limit policies and to collections effort.
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3. DEVELOPING THE MODEL

31 The development of abad debt model involves two phases - aninitid set-up followed by a continued checking, maintenance
and updating. It is extremely important to pick up trends early, yet not to be mided by "statistical flukes'.

32 The first step in developing a Markov Bad Debt Modd is to assemble a database. For each account to be used, summary
information is required to cover at least twelve months (providing the account has been open that long). By preference, two
yearsinformation should be used. Thiswill alow investigation of seasondity not possiblein asingle year.

33 The information required for each account in each period is

- opening baance;

- tota creditsreceived (broken down between payments, credit interest and other creditsif possible);
- total expenditure;

- debitinterest;

- cosng bdance;

- information sufficient to define the likely states of interest.

34 The information required to define States of interest will vary considerably from one portfolio to another. In large meesure,
the definitions depend on the available information. For ingtance, if there is no behavioura score, it is pointless to have
states depending on scoreband. The following list shows fields likely to be of use:

- current delinquency (or days dormant);

- daysin debit during period (current accounts only);
- time on books;

- type of account (e.g. budget/option);

- time since last ddlinquent;

- behavioura score;

- account blocks;

- turnover of account.

35 The information is required for alarge sample. If possible, the whole portfolio should be used. The large sample is needed
because small proportions of accounts go to writeoff in any period. Hence, to reliably estimate the proportions. In the s¢t-
up phase, it is possible to use a more modest sample (with richer information) to identify the states to be used. Then a
larger sample will be taken, sratified by stete, to estimate the generdised rall rates. In the maintenance phase, it is not
possible to dtratify based on outcome state. In this Situation, a sample of about 1000 accountsin a particular state is needed
to estimate the generalised roll rates sufficiently accurately. As with any statistical system, a validation sample should be
congruct ed.

36 Once the sample has been assembled, an initid (smdl) set of states is defined. Then a cluster andlysis is performed to
identify families of accounts which are reatively homogeneous in terms of their generdlised roll rates. These families then
become the states in a more eaborate system.

37 Time series methods are applied to estimate the generdised roll rates (See section 5). Then, satistica tests check that the
gates redly do capture all the essential information about the roll rates - that is, al accountsin a given state have roughly
the same probability of jumping to each other state next period. If not, the states are revised and the process starts over.

38 Once a stisfactory set of states and of generaised roll rates has been identified, the system is validated on a hold-out
sample.

39 Separate systems are possible for different subpopulations. However, within an overal system, certain subpopulations
(such as those based on time on books) will tend to move within separate groups of states. Thus, separate systems are not
usualy needed.

310 Once the system has been set-up, it should be tested each period. Thistest consists of taking the predictions based on the
previous periods state distribution and verifying the accuracy (or otherwise) of its predictions. If mgor discrepancies occur,
then one of two things is happening:

- roll rates are changing dueto generd trends (e.g. change in economic conditions); or
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- the state structure has become unstable (due to underlying shifts in the behavioura patterns on the
portfolio).

In the first case, experimentation will help determine the likely outcome should the trend continue. In the second, the least
gable gtates should be examined with a view to restructuring - merging @ splitting Sates. Thisis of lesser concern from a
bad debt viewpoint.

311 Approximately once a yesar, dl the states should be examined to see if they are Hlill reasonably homogeneous. Thisis likely
to lead to the redefinition of some States.
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4, SYSTEM USE

41 Once a period, an update of the Modd Database is made. It adds the details of each accounts behaviour for the period just
ended. Using the previoudy existing generdised roll rates, new estimates are prepared. These start with the existing
distribution of outstanding balances over states, and project how thiswill move between statesin the following periods.

42 Apart from the base projection, aternatives will show the effect on portfolio structure of deterioration or improvement in
the generdised rall rates. These estimates will serve to give management an indication of the potentia effect of changesin
underlying trends, due to changesin the economy or other factors externa to the model.

43 The mode can be projected forward as far asiswished. However, the accuracy of the results is obvioudy less over longer
time periods than over shorter ones. The variations on the basic st of generalised roll rates will serve to give management an
idea of the accuracy of the longer term estimates. An "ultimate” provision estimate can aso be derived - of the amount of
debt in each state, what proportion will ultimately be written off. Discount factors can be applied to caculate the net
present value of the debt in various states.

44 The underlying mode will run on a mainframe computer. However, summaries, including the amount of debt in each dtate,
and basic variants on the roll rate matrix can be down loaded to a Personal Computer. Here, their structure isidedly suited
to manipulation within a spreadsheet. Thus, managers can formulate their own hypotheses about future trends. Thiskind of
mode is am important component of Executive Information Systems of the future. Graphic presentations will alow
managers to gragp more readily the significance of the numbers generated.
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5. THE MATHEMATICS

51 Let x(t) be an N+1 dimensiona vector, representing the state of the portfolio a any particular period, t. xo(t) is the amount
of debt paid back up to period t, set to zero at the outset. States 1 to N-1 are the regular states of the portfolio. State N
corresponds to written off debt.

52 Let A bean (N+1)x(N+1) dimensiona matrix, which gives the trandtion probabilities from one state to another. That isAjj

is the proportion of the debt in state i at period t whichisin state j at period t+1. It is assumed that Ais stationary - i.e.
that the transitions do not depend on t. (This assumption istested later on). A is caled the rall -rate matrix.

53 Let S be adiagond matrix of order N+1. The diagond dements of S give the propensity to spend of accountsin each state;
that is S;i is the ratio of amount spent to balance in period t by accounts in state i during period t+1. Obvioudy, no
spend isallowed in states 0 or N. S is cdled the spend matrix.

54 Let R be adiagond matrix of order N+1. The diagond dements of R give the period interest rate to be applied to accounts
ingatei. Ris caled the Interest metrix.

55 The one-period modd is
X(t+1) :=(1 + R)(I + S)AX(t) t=01.2,..
56 The appropriate level of provision for each sateisgiven by:

r=(- A{l..N-l))-l A NN

wherer isthe provision level for each state (avector of order N-1), Aq1 n.y iSthe vector of transition probabilities restricted
to states1..N-1and g n.gn iSthe vector of direct transition probabilities for states 1..N-1 to state N (writeoff).

5.7 The expected cash flow under any scenario is given by
lime¥ Xo(t)
58 The expected writeoff is given by
lime ¥xn(t)
59 The mode can be discounted by an appropriate factor by including adiscount matrix D in equation 5.5:
X(t+1) := (1 - D)(I + R)(I + S)AX(t) t=012....
D is a diagond matrix with Doo := 1, Dji := 2d fori = 1,2,..N-1, Dnn = 1, where d is the period discount factor to be
applied. Note that only the "live" states (1..N-1) are discounted. States 0 and N are accumulations of values that enter at
different periods. Hence, the values must be discounted before they enter, not after.

5.10 The Satistical problems are:

a) edimating Aand S;
b) determining a sufficient state space, so that the process determined by Aisin fact Markovian.

511 An appropriate way to address the problem is to treat {x(t)} as a multi-dimensiond auto-regressive process. Certain
coefficients are condrained to be zero. The coefficients can be estimated using the BoxJenkins approach. We test the
hypothesis that the process is Markovian by the testing the order of the autoregressive function. If it is one, then we
concdlude that the model is Markovian. An dternative best fit is constructed using Ake-1ke's Information Criterion.

512 Alternatively, the matrix A can be estimated by using a jack-knife approach. The variance of estimate can then be found
using a bootstrap method. This has the advantage that the congtraints on the coefficients (zeroes and stochastic condition)
will be met autometically. The Markovian condition is then checked by testing for equality between AZand an A-type
matrix constructed over two periods.
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513 The principa theoretical difficultieswith this approach are:

a) finding the gppropriate transformation to turn {x(t)} into a stetionary time series;
b) dealing with seasondlity.

5.14 Tests for trends in generaised roll rates are made by testing the sample vaue of the autoregressive function against the
historically derived estimate.
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