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MANAGEMENT SCIENCE
Val 11, Na, 2, November, 1964
Printed in [7.5.A.

MEASURING RISK ON CONSUMER
INSTALMENT CREDIT*{

PAUL F. SMITH
Wharton School, Unisersity of Pennsyloania

The advantages of statistical measures for grading eredit risks in lending to
conaumera have been widely recognized but relatively little use has heen made
of such syatems. The paper develops a relatively simple statistical method
for measuring risk on individual accounts that can alao be used for measuring
and eontrolling partfolio quality and for eatimating loss ratea. The procedure
entails four steps:

1, Comparison of good and bad accounts in the search for characteristies

that are assoeiated with bad accounts;

2. Calenlation of bad aecount probabilities for diseriminating character-

isties;

3. Development of a risk index from bad account probabilities to be used

in grading accounts;

4. Evaluation of the risk index.

A test of the method on the accounis of a commerecial bank ia deseribed and
the judgements implied by the riak index are compared to the eriteria used by
interviewers in rejecting applicants, A great many similarities are found be-
tween the results of the two methods but a number of atriking dissimilarities
are observed.

The last seetion of the paper illustrates the ways in which the risk index
can be used to adjust eredit quality to the desired volume and loss experience.
It also demonstrates ita use in measuring portfelio quality and in estimating
loss rates.

Consumer credit institutions lend billions of dollars each year, much of it
to people they have never seen before. Yet their losses often seem surprigsingly
low. It is not clear whether this favorable experience reflects the efficiency of
their screening systems or the honesty and dependability of the public. Even
assuming that the industry’s success is largely due to the honesty of the publie,
the sucecess of an individual eredit operation depends upon the ability of its
gtaff to detect and reject bad credit risks.

Over the years, a system of appraising consumer credit risks has grown up
that is often described in pieturesque but vague terms as the four C’s of credit.
The C refers to a number of concepts that begin with the letter C, such as
character, eapacity, collateral, eapital and at times others. These abstract con-
cepts, however, do not provide very specific guidance. More ugeful guidelines
have been developed that relate risk to personal traits, such as age, sex, ma-
turity, income, ownership of home, ete. But even these are inexaet and difficult
to apply.

* Received November 1963.
t I am indebted to Paul E. Green and James E. Walter for helpful suggestions and com-
menta oh an earlier draft of the paper.
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The lack of precise methods for measuring credit risk ereates a number of
problems for the industry: 1) Experienced personnel are hard to find and the
absence of gpecific methods makes it difficult to train new personnel; 2) The
costs of reviewing applications are high; 3) Credit decisions are often far re-
moved from ecolleetion problems, whereas the corrective feedback from col-
lections is essential to the development of judgment skills in the people approving
loans; and, 4) Decigions to tighten or ease credit standards are risky and are
difficult to translate into changes in sereening practices.

Although statistieal systems offer great promise to the eonsumer eredit in-
dustry, they have not heen very widely adopted. Perhaps the major deterrent
is their eomplexity. Managers are understandably reluctant to adopt systems
that they don't completely understand. Simplicity, therefore, appears to be a
necessary condition for the widespread adoption of quantitative methads in the
industry. The following discussion introduces a number of modifications in the
usual techniques applied to this problem in an effort to develop a system that
can be used and understood by people who are familiar with the problems of
detecting bad accounts but who are not familiar with statistical methods.

Theoretical Approach

Numerous attempts have been made to quantify risks on individual applica-
tions and & number of successful systems are now in operation.! The usual ap-
proach eompares samples of good and bad accounts in a search for variations
in traits that can be used as a guide in detecting bad aceounts [1, 2, 4, 6, 7.
Digeriminatory analysis provides the most systematic approach and has ap-
parently been adopted and modified to handle the wide variety of classifications
that have been introduced into the problem. Published descriptions of the
methods, however, are incomplete.

The proposed methad focuses on the problem of estimating the probability
that an acecount with certain traits will go bad. As will be indicated, statistical
and logical problems make the direct estimation of the probabilities for any
given acecount impraetical. A rigk index can be developed, however, to provide a
simple and fexible device for grading accounts and converting the grades into
estimates of the probability that an account will go bad. One of the advantages
of this approach lies in the statement of the problem in terms of probabilities
that are familiar to the credit industry as loss ratios.

The proposed method involves four steps:

1) Comparison of good and bad accounts in the search for characteristics

that are associated with bad accounts.

2) Calculation of bad aecount probabilities.

3) Development of a risk index from bhad account probabilities that can be

used to compare and grade accounts.

4) Calculation of the bad aceount probabilities associated with risk index

values and the evaluation of the risk index.

1 Bpiegels, Inc. and the American Investment Co. of Ill. have pioneered in the develop-
ment of eredit pointing plana and are currently using statistical systems.
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L. Search for discriminating characteristics

The search for significant characteristics associated with risk is limited by
availahle information and is complicated by the large number of traits and
combinations of traits that might be relevant. Farlier studies of risk and practical
credit experience serve as a guide in the search. Loan applications have been
designed to eollection information that is believed to be related to risk and this
information provides a starting point in the search.

The procedure used at this stage is similar to that used by David Durand in
one of the early studies of risk in consumer lending [1, pp. 22-28). Comparisons
of the distributions of good and bad aceounts by characteristics readily reveal
important differences. For example, in one case it was found that 46 per cent
of the bad accounts, hut only 7 per cent of the good accounts, did not have
telephones. Such differences can be tested by the Chi square test for significance
and ranked in terms of their diseriminating ability.

2. Calevlation of bad account probabilities

The bad aceount probabilities associated with each borrower trait can he
computed from sample data or from the distribution of traits used in testing for
discriminatory significance.

The distributions used in the tests for significant differences ean be converted
into conditional probabilities for the good and bad account classifications by
dividing the number of good accounts with each trait by the total number of
good accounts and by repeating the same procedure for bad accounts. These
conditional probabilities can be used to obtain posterior probabilities by Bayes'
theorem by applying the prior probabilities for good and bad aceounts obtained
from the company’s experience. Where B equals the number of bad aceounts,
@ equals the number of good accounts, and A is some diseriminatory character-
istie with 7 classifieations, the posterior probabilities of & bad acecount with traits
A; can be obtained by Bayes’ theorem as follows:

@y P@B14) = PBYP(A:| BY/IPBIP(4:] B) + PGP(A:{G)
= P(B, A)/P(49)

Table 1 illustrates the calculation of these probabilities for the ownership status
of the borrower’s residence.

The had account (or posterior) probabilities can also be computed from the
sample data by multiplying the sampie results by the sampie fractions to obtain
universe estimates. The bad account probabilities are then obtained by dividing
the number of bad accounts with a given trait (4;) by the total number of ac-
counts with that trait. The probabilities used in the illustration later in the paper
were computed from sample data by this method. Some of the computations
are shown in Table 2.

3. Development of a risk index

As the objective is to obtain an estimate of the probability that any given
account will go had, the probahilities for each characteristic of an account have
to be eombined into an overall estimate for that account. Theoretically, it would
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TABLE 1
Caleulation of Poslerior Probabilities for Residence Status

Condition prab. Jaoint prab.! Postmor proh

Marginal proh.

Residence Status (4) | o © Bad (B Good Bad P(A‘():o?i it (B 1 A.J Col

B (&) | PiB | pECdo | P

{1) 2} (3 4) 5) {6)
1. Owns home Wrirs!] 471 7700 054 7754 0070
2. Renta-house 029 .088 0287 0007 L0294 0238
3. Rents-apt. 004 277 0929 0032 0961 0333
4. Rents-room .013 .088 0129 0010 L0139 0719
5. Livea with .0Ba 108 0840 012 0852 0141
someone
1.000 1.000 . 0885 .0115 1.0000 .0l15

L Obtained by multiplying the prior probabilities P{@) and P(B) hy data in columns
1 and 2 respectively. The prior probabilities are obtained from company records on bad
debt experience. In thia sample they were: P(G) = .0885 and P(B) = 0115.

2 These probabilities differ alightly from those in Table 2 because of difference in round-
ing involved in the two methoads of caleulation.

seem best to compute posterior probabilities for all combinations of traits by
methods outlined in the preceding section. Two practical difficulties arigse, how-
ever. First, the calculation of relinble probabilities for the combinations of traits
requires larger bad aceount samples than can be obtained from most credit
operations. Second, the grading of individual accounts wonld be complicated
and time eonsuming and would require elaborate tables of probabilities for all
possible combinations of traits. Although these objections might not be eritieal
for a large nation-wide operation if a small nuraber of variables were used and
the grading could he done by computer, the limitations of local sample size would
malke iocal applications impractical.

The probabilities for separate traits canrot be combined by logieal rules be-
cause no justifiable assumptions can be made about the interrelationship of
various traits. They are clearly not statistically independent. Their effects may
be confounded in some eases and additive in others. As a result an intermediate
step is proposed that involves the ranking of aceounts. If any two aceounts have
traits that are identical in all but one respect, it seems likely that the account
with the highest bad loss probability on that one differing trait will be somewhat
riskier than the other. By extension of this argument, it seems plausible that the
sum of the probabilities of individual traits for each account would serve as a
basis for ranking the accounts according to risk. The resulting sum {(multipiied
by 1,000} will be used as a risk index which can be expressed as follows:

(2) R = (;U(I,: + pb‘; + il + . + pﬂ,)l 000

Here p is the posterior probability for each trait and the small letters indicate
different traits with £ classifications.
Several tests of the index, ane of which is present in 2 subsequent section, seem
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to justify its use. The bad aecount probabilities for suceessive index values com-
puted from sample data inereage nearly monotonically.

If the index can he shown to he effective, it has many advantages that recom-
mend its use. It is relatively easy to congtruct and can be used to incorporate a
wide variety of traits. Any classification that is mutually exclusive and exhaustive
can be used. It can be applied to non-ordinal classifications such as postal zones
or neighborhoods or to any mixture of classifications. It also provides a very
simple method for grading individual sccounts. A table of posterior prababilities
(multiplied by 1,000) for significant traits can be used to assign values to each
trait and the index value for the account can be obtained by simple addition.

4. Bualuation of risk index

The effectiveness of the risk index in diseriminating between good and bad
accounts can bhe measured by comparing the distribution of all accounts and bad
accounts by risk index values and by computing the bad acecount probabilities
for each range of index values (see Table 4).

If the index is used for rejecting applicants, it 1s important that the proportion
of potentially good accounts in relation to bad accounts is as gsmall as posgible
in the higher ranges of the index. One simple measgure is given by the proportion
of had accounts falling into index groups with bad aceount probahilities above
some cut-off point. For purposes of comparing index values an arbitrary cut-off
point of groups with a loss probability greater than .25 will be used in this study.
Thiz implies that if all accounts in that category were rejected, no more than
three good accounts would be lost for every bad account [ost. This measure will
he referred to as an efficiency ratio () which has a maximum value of unity
and ean be expressed as follows:

@) B = [Number of bad accounts in index groups with P > .25]
/[Total number of bad accounts]

Ilustration of the Risk Index Method

Information from a moderately large commercial bank was used to illustrate
the development of a sample risk index. No attempt was made to imaprove the
efficiency of the index obtained from the a priori selection of traits. Considerable
improvement, should be possible but the results of this test suggest that a rea-
sonably effeetive index can be prepared from known risk relationships. The
calculations were limited to direct personal loans including those on automoehiles.
The information on the personal traits of the borrower and the characteristics
of the loan was obtained from loan applications. The study covered loans ac-
cepted during a. five and a half year period beginning in mid-1952 and extending
to the end of 1958 and it included all had accounts and a sample of one and a
half per cent of the 106,000 good loans accepted during the period. The term
“had account” refers to all accounts sent to the eollection department. It covers
many loans that were ultimately collected, but it excludes loans that were de-
linquent at one time or another for short periods. In addition information was
obtained from a small sample of rejected applications for comparative purposes.
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All of the information that was available on the loan applications and ecould be
converted into mutually exclusive and exhaustive classifications was used in
the search for differences between good and bad accounts. When the loan was
made to both the husband and wife, combined traits were used when relevant,
such ag combined income; otherwise the loan was classified by the traits of the
husband. In addition, a number of ratios, such as the ratios of monthly pay-
ments to monthly income, were caleulated. Twenty classifications were tested
in the initial tabulations:

. Purpose of loan

. Number in family

. Time in last residence

. Time in residence (Average of last two regidences)
. Qecupation

. Ownership or rental of residence

. Time on last joh

. Time on last two jobs

. Monthly income including income of gpouse

10. Age

11. Sex and marital status

12. Bank account

13. Monthly payments (including payments on the loan, other instalment

payments, and mortgage or rental payments).

14. Monthly payments as a percentage of monthly income.

15. Monthly payments as percentage of monthly income per member of

family.

16. Interviewer’s appraisal (a numerical scale of three values)

17. Down payment

18. Residential area (postal zone or suburban area)

19. Employment status of wife

20. Telephone

The digtributions of good and had accounts for these classifications were com-
pared. Variations between the distributions of good and bad accounts were
tested by the Chi-square test for significance. The P value wag less than .01
in sixteen of the classifications. Oniy one classification had a high P value (about
.50) and that was # 16, the interviewer’s appraisal.

The traits were then ranked according to their ability to diseriminate between
good and bad acecounts as indicated by an adjusted Chi-square value.? Since
there were two indexes for hoth time in residence and time on the job, only the
higher ranking one was used. In both cases, the time on last job and fime in
last residence proved to be a more significant test than the average of the time
in the last two jobs or residences.

Thirteen classifications were used in the preparation of the risk index. The

U 00 ~I O & He I B e

! The ratio of the caleulated Chi-square value to the Chi-square value sssociated with
a P value of .01 for the appropriate degrees of freedom was used as an index in ranking
traits,
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clagsifications used are listed in order in Table 2. In addition, two separate
indexes were prepared for the five highest ranking elasgsifications and the ten
highest ranking classifications to see if a smaller number of highly diseriminating
traits would be as effective as the larger number of traits. As these two indexes
proved to be less effective than the one using all 13 classifications, they are not
presented in this paper.

Surprisingly, traits designed to measure the financial ability of the bhorrower
to earry monthly payments were the least effective in diseriminating between
good and bad accounts. As a result none of the classifications involving size of
the monthly payments or ratios of monthly payments to income were included.
The reasons for the relatively poor performanece of these measures are not clear.

Bad account probabilities were caleulated for each subdivision of each trait
{column 3, Table 2), multiplied by 1,000 and used to calculate the risk index
values for each aceount by formula (2). The maximum possible index value for
the sample was 517.5 and the minimum was 79.1. The largest actual index value
wag 431 and the smallest was 110.

If, as originally assumed, the index assigns higher values to high risk aceounts
than to low risk ones, bad accounts should be more frequent in the high index
values. This proved to be the case. A third of the bad aceounts had index values
abave 250 while only 3 % of the good aceounts fell within this range (see Table 3).
Twelve per eent of the bad aceounts had values above 300 hut only .2 of 1%
of the good aceounts were in that group. At the other extreme 1,754 good ac-
counts had index values between 110 and 119 but only two bad aceounts fell
in that range.

The bad account probabilities ranged from .001 at the lowest end of the
index scale to 423 at the top (Table 4). A more detailed breakdown of values at
the top of the range would have indieated a number of groups with even higher
bad account probabilities; but ag the number of aceounts was small these figures
are not shown separately.

The efficiency ratio of the index, computed by formula (3), was .194. This
indicates that nearly 20% of the bad accounts fell within a range of the index
that would have permitted the use of index values to reject applicants with a
loss of less than three good accounts for each bad aceount. As will be pointed out
later, most lending ingtitutions would consider this a highly satisfactory trade.

The risk index method performed surprisingly well by ecomparison to published
results from studies based on a variety of more elaborate methods using dis-
eriminant and regression analysis [4, 8]. The efficiency ratio of this test was higher
than all but one of the other eleven sets of results. The highest ratio (.23) was
obtained by a medified system of discriminant analysis. There ig every reason
to think that with greater attention to the selection of traits the risk index
method could mateh the best results of the more elaborate systems currently
available.

Sample Bias

A gerious questior of bias arises when the risk index is based on loans that
have already been screened, A few studies have been conducted on unselected
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TABLE 2
Bad Aceount Probabilily by Trails and Subeclassifications

{Listed in order by ability of trait to diseriminate between good and bad aceounts!)

Total number Number of Bad account
of accounts? bad accounts probability
Total . ... e 107,460 1,234 0115
Telephone status
Telephone......... ... ... . ...l 99,397 669 L0067
Notelephone...... ..ot iiiiiiiianan, 8,043 566 .0701
Residence
Owns hame . . ...ttt ieraaiaeieeaaaas ]1,985 564 0069
Rents
boUse. .. . e i iaa 3,153 70 .0222
E2Y 220 4 61121 1 A 10,141 331 L0328
3474 o DI 1,436 105 0731
Lives with sameone . .. .......c0ivvieiaeuannt 8,056 127 0142
Bank acecunt
None . . i e 21,147 556 L0263
Regular checking account only.............. 16,230 184 L0113
Special checking aecount only............... 24,682 228 L0092
Savinge account anly........ ... iiiieianns 18,958 109 0058
More than one type of aceount.............. 20,685 85 0041
Purpose of loan
Purchase sutomohile. ., ... .. ... ... ..o 14,269 115 0081
Purchase household goode. .................. 25,378 153 L0060
Gonsolidate debt. ... ... ... ... ... ... ... 23,698 435 0184
Medical........o . i 6,682 165 0247
Purchasing elothing..............cociveien.s 1,713 1} .0181
Taxes and ingUPARCE. ..o vive i iiiinnenannnnn 4,444 30 0068
Travel, o e 1,917 25 L0130
Loans torelatives. .......................... 1,209 18 .0149
Other. ... i 27,845 247 .0089
Time in last residence
Gmonths or lesa. ............cviiiiiinie.n- 5,350 165 0308
Ttol2montha. ........ ... ... . ... 7,348 131 L0178
Id3to24montha. ............ .. .oeiieiianns 10,641 131 .0123
2/todemontha. ... ... e 10,086 136 .0185
37tod8months. ... ..ot 7,883 105 .0133
A9 to B0 manths, ... ... ... .. .o il 6,803 76 .0112
6lto 120 months, ... ... ... ..l 23,524 191 0081
120 to 180 montha. .. ... ... .. e 12,704 a L0072
181 or more montha. ... ... ... .. 17,796 138 .0078
Time on last job
fi months or less.......oo.vvvvii it 3,402 109 .0320
Ttol2months, .. ... ..o il 5,054 79 .0156
13to 24 montha. ... .. ... ool 9,121 152 J0167
26 tod6 months, ... ... . 7,744 107 0138
37to48 months, . ... .. ... il 4,489 75 0167
49toB0months. .. .......... 0.0 iiiaiiian 6,600 83 L0128
6l to 120 months. . ........... ol 20,534 214 L0104
121 ta 180 months . ... . ooii i 16,548 151 091
181 or more months. . ... ... ..o, 27,149 182 067




TABLE 2 {Cont.)

Tatal number | Number of Bad account
of accounts? bad accaunts probability
Bex and marital status
Single _
male. ... e 8,795 176 .0200
female . .. .. e 4,377 a3 L0075
Married
male. ... i 87,243 917 L0104
fermale . o e e e 3,734 21 0056
Divorceds. ... .. i 2,598 75 0289
Neighhorhood
Postal zones and suburban areas——range. . ... 107,460 1,234 1139 to 0014
Maturity of loan
12 M08, OF 1E88. . oL it iiiiia e 29,263 464 .0159
1Btol8montha. .. ... o iiieiiiiniinnenenns 44 BA3 4499 L0111
19to24months. ... . . ... ... ... 19,417 148 0076
25 months or more. . ... ... ... ... ... 13,927 123 L0088
Qeecupation—Range. ......... ..o, 105,181 1,198 {0345 to .0043
-Monthly income
$200 or lemB. i i i ia i 2,151 49 .0228
200 t0 300, . .. e e e 11,651 230 0197
0L ta400. ...t e 26,640 304 0114
AL 0 BO0. ..o 23,164 249 0168
BOLto T00. .. e 23,128 215 .0093
FOLto X000, .. ... e 11,951 110 L0092
W01 to 1800, .. ..ot i 5,008 33 0066
10l and aver. ... ... . 1,342 11 L0082
Age
e VY 1T =) 5,049 T4 0147
2600, e 11,064 203 0184
By e TP 15,284 221 145
B0, e 18,126 188 0104
L L T 14 504 160 L0110
B0, e e e e 25,387 232 00N
il 41 T 12,147 94 0077
6B and over....... ... ... 3,246 23 0071
Number in family
3 16,875 268 0159
b PPN 33,864 300 .0089
T I 17,307 214 0121
e 20,754 294 L0108
L T D 10,423 123 .0118
B e e e e 4,047 53 .0131
T 1,083 21 .0106
Boarmare. ... i e A75 15 .0261

1 Order of listing of traits is based on Chi-square values adjusted for differences in the
number of degrees of freedom. The number of accounta given for various elassifieations do
nat necessarily add to the totals because of the exclusion of aceounts that could not be

properly elassified.

* Batimates for the 106,226 good accounts accepted during the sample period were based

on & sample of 1,516 good acconnts.

t The caded information did not permit the distinetion between male and female. The
significance of thias distinetion in the other marital atatus groups sugpested that it might

have added to the diseriminatory value of the classification.

335
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TABLE 3
Cumulative Distributions of Goad, Bad and Bejected Accounts, by Risk Indexr Values
Risk Tndex Gaod Accounts Had Accounts Rejected Accounts
110-149 100.0 100.0 100.0
150-199 51.9 85.1 76.3
200-249 11.4 7.2 31.2
250~-253 3.1 33.8 11.2
260-269 1.3 29.3 16.7
20279 1.1 25.4 5.6
280-209 0.4 20.1 5.1
300 and over 0.2 12.5 3.6
TABLE 4
Bad Aceount Probabilities by Risk Index Values

Risk Index Tatal number of accounts! Bad Accounts Bad Account Frobabilities
116-119 1,754 2 .0011
120-129 10,053 33 .0033
130-139 18,703 G4 L0034
140-149 20,896 85 L0041
150-159 14,852 67 0045
160-169 10,529 89 L0085
170-179 8,901 72 L0081
180-189 4,411 67 152
190-199 4,464 50 112
200-209 2,360 48 0203
210-219 2,154 53 0246
220229 2,091 59 L0282
230-239 1,187 66 .0556
240-249 1,465 63 0430
250-259 1,457 55 0377
260-269 749 48 0641
270-279 766 i) (0849
280-299 304 94 3092
300 and over 364 154 4231
Total. .. ..o oo 107,460 1,234 0115

I Bstimates for the 106,228 good accounts aceepted during the sample period were hased
on a sample af 1,516 good accounts.
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accounts but comparisons of results of selected and unselected samples have not
been published {7]. Since, however, the same type of information on the traits of
rejected applications can be obtained, the comparison of these traits with those
of accounts in the selected sample makes possible some judgment about the
possible hias.

The covariance of the distributions of rejected accounts and had accounts
compared with the digtribution of good aceounts was positive in all but one case
and a relatively high correlation was indicated for most traits. The relationship
was negative in only one case, on the maturity of the loan. This suggests that
the risk index might be more or less effective in detecting bad accounts than
trained personnel but that the traits of the rejected aceounts would be similar
in either case.

A comparigon of the traits of the rejected accounts with those of good ae-
counts gives gome indieation of the importance of various criteria used In the
decision to reject the applicant. Such a comparison eannot, of course, aceount
for decisions based on information not covered by the listed traits—such as
adverge eredit information or obviocus evidence of aleoholism. Table & shows
seventeen traits listed by discriminatory significance as measured by the ad-
justed Chi-square values bagsed on the comparison of distributions of good and
bad aceounts and the positions of those traits as indicated by a similar comparison
of the distributions of good and rejected accounts. Just as these variations in
distributions were considered as a basis for detecting potential rigk, they indicate
the traits that the interviewers most frequently used (implicitly or explicitly)

TARBLE 5
Comparison of Crileria Used in Measuring Credit Risk!
Risk Index Rejected accounts
Telephone in residence . . . .......cvi oo iiieneenn. 1 15
Ownership or rental of residence........................ 2 1
Bank aceount.......... o . e 3 10
Purpose of loan. ... ... .o i i 4 11
Time in last residenee. ...t it 5 14
Timeinlast job. .. ... é 7
Sex and marital status.. . ... . o i e 7 a9
Neighbarhood. ........ e 8 4
Time in last 2 joba. ...... ... ... . .. L 9 6
Maturity of loan...... ... i 1o 3
Time in last two residences...........c.ooiiiiiniiniins. 11 13
Oecupatlon. ... . i e i 12 12
Monthly Ineome . ... i e e i 13 17
. X i4 8
Number in family. ... .. i i caaaaas 15 15
Monthly payment as % of income. . ... ... ... ... 16 5
Interviewer's appraisal. . ... . ... . i i, 17 2

1 Numbered aceording to size of variations from the distributien of good acecounts as
measured by Chi-square values fadjusted for differences in degrees of freedom).
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in rejecting accounts. As previously indicated there is a high correlation between
many of the traits but that was to be expected as the study concentrated on
factors believed fo he important by experienced interviewers. The differences
are therefore more interesting than the similarities and as indicated by Table 5,
there is a slight negative rank correlation between the two lists of criteria. The
trait with the highest rank in the risk index, telephone status, ranked sixteenth
in the rejected list. Bank aceount status ranked third on the risk index list and
tenth on the rejected list. The length of time in the last residence ranked fifth
in the risk index list and fourteenth on the rejected list although this factor
usually has a high rank in the industry diseussions of important factors.

The interviewer's appraisal was second on the rejected list although, as was
pointed out earlier, it was of questionable significance in identifying the bad
accounts in the sample. The third ranking item in the rejected list was the
maturity of the loan. This item ranked tenth in the risk index list and it was the
only one for which a negative covariance was obtained between the distributions
of bhad and rejected loans as compared to the distribution for good loans. Loan
appraisers tended to reject a higher proportion of applications for long-term
loans whereas the bad debt experience was worse on the short-term loans.

Using a Risk Index

Risk index values for new loan application can be found by assigning the
appropriate bad account probabilities (times 1,000} in Table 2 to the new loan
applicant and by adding them. together as indicated by formula (2). If it proves
desirable, the risk index values ecan be converted into a probability estimate for
the account by the values in Table 4. For most purposes, however, the risk
index values ean be used without the eonversion.

Few if any lenders would be willing to accept or reject applicants on & basis
of a single number. Some check against the possibility of misrepresentation or
fraud is needed. After such ehecks, however, the index values can be used as a
guide in accepting and rejecting accounts. Either an absolute eut-off point can
be used to reject applications or the index can be used as a signal to indicate
accounts for which further investigation is required.

The index itself provides a relatively easy method for finding the best eut-off
point. If the expected losses on bad accounts exceed the expected return on
good zeeounts the business is obviously unprofitable. The expected loss can be
estimated by multiplying the average loss on bad aecounts (L) by the bad ac-
count probability (p). The expected return on good accounts ean be estimated
by multiplying average return on good accounts (R) by the probability that
an aecount will be good {g). The cut-off point oceurs when the expected losses
on bad loans (pL) equals the expected return on good loans (gR). As g equals
(1 — p), the cut-off point can be stated in terms of bad aceount probabilities as
follows:

oL = (1 — PR
@) p = B/(L + R).
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If the return on an average account (after all costs including the cost of money)
is $20.00 and the average loss on bad accounts (including colleetion costs) is
$400, the break-even point would oceur when p = 0.0476. Any aceount with
bad loan probabilities in excess of that figure would be unprofitable and all ac-
counts with lower probability values would be profitable. In terms of the rigk
index it would pay to reject all secounts with an index value of 260 or more
{see Table 4}. This example is based on commercial bank data and implies that
the lender is willing to lose 20 good accounts for every bad one. If the return on
loans is higher, larger losses could be absorbed and the eut-off point would be
higher.

The risk index can also be used merely as a guide in efforts to lower the cost
of investigation. Less time and effort would be spent on applicants with low
index values while thase with high index values would be investigated thoroughly.
Even when a cut-off point is used, some further attempt might be made to salvage
the good loans from high index values or to identify the bad loans in the low
index ranges. Whenever further investigation ean narrow the rigk, such meagure
would be worthwhile.

The risk index can also serve to measure and control credit quality. A running
check on the quality of new business can be prepared by tabulating risk index
values. These tabulations can be used to forecast prohable losses. Table & indi-
cates the type of analysis that can be developed from risk index values. Cut-off
points can be raised or lowered to adjust the quality of the business accepted and
to control expected loss rates. Changes in credit standards can be accomplished
with far more precision by making changes in the aceeptable index values than
by making changes in subjective screening practices.

TABLE 4
Quality of New Loan Volume
Risk. Index ) Number of loans Percentage Distribution
Values Jan. Feh. Mar. Jan. Feb. Mar.
1. 100-149... .. 0036 | 1,202 88 1,318 48.1 43.9 39.9
2. 150199, ... 0078 1,000 968 1,455 40.1 43.0 44.1
3. 200-249 0312 212 214 393 8.5 9.5 11.9
4, 250-299..... L0800 83 76 129 3.3 3.4 3.9
5. 300 and over| .4231 3 4 5 1 .2 .2
6. Total................ 2,500 2,250 3,300 100.0 1000 0.0
7. Total index value for
all new loana...... 396,780 362,450 543,900 — — —
8. Average index value
(7 6)......0..... 159 161 165 — — —
9. Expected loss rafe
{in per cent) (p X
# loans in each index
group) X 100 =
line B.............. 1.07 1.14 1.24 — — —
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The accuracy of risk index estimates cannot of course he taken for granted.
It depends upon many things, among them the quality of the index, the sampling
error, and changing business conditions. The influence of changing business
conditions on the index can be mitigated to some extent by eareful eongtruction
of the index. Sample information should be drawn over a period that includes
recessions as well as booms. A continuing review of the index should make it
posgible to develop a relationship between economic indicators and index values.
A carefully congtructed index that is designed for a specific type of business should
prove to be a valuable management tool.
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