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SCORING: THE NEXT BREAKTHROUGH
IN MICROCREDIT?

BY MARK SCHREINER

This paper is aimed at microcredit managers who want an initial technical introduction to
how scoving works, what it can and cannot do, and how to prepare for implementation. The
first sections ave move general; later sections arve more technical. Readers who want less detail
can browse the main text and boxes.

The paper is not a “how-to” manual. The design and implementation of a scoring project
requirve highly specialized expertise and arve in geneval too complex and institution-specific
to be explained in o document of this length.

The discussion beve is based on some of the fivst experiments in scoving for microcredit.! In
places it also draws on the long experience with scoving in high-income countries.’ The
examples used in the paper veflect the author’s experience with scoving in Latin America. In
turn this veflects the existence of large, sophisticated Latin microlenders with adequate elec-
tronic databases. With sufficiently stronyg organizations and sufficiently large databases,
scoving would be just as velevant in Africa, Asia, and Central Euvope. In the long term,
scoring will spread around the world, although certainly not to every microlender. This paper

should help managers judge the likely usefulness of scoving in their own organizations.

Summary

The challenge of microcredit is to judge the risk of whether the self-employed poor will
repay their debts as promised. Is scoring—a new way to judge risk—the next breakthrough
in microcredit? Scoring does reduce arrears and so reduces time spent on collections; this
greater efficiency improves both outreach and sustainability. Scoring, however, is not for
most microlenders. It works best for those with a solid individual lending technology and
a large database of historical loans. Even when scoring works, it is only a marked im-
provement, not a breakthrough. In particular, scoring will not replace loan officers in mi-
crocredit because much of the risk of the self-employed poor is unrelated to the informa-
tion available for use in scoring. This paper discusses how scoring works, what microlenders
can expect from it, how to use it, and what data is required. Success comes not from tech-
nical wizardry but rather from painstaking training of users: loan officers and branch man-
agers will trust scoring to help them make choices only if they understand how it works

and only if they see it work in tests. Most importantly scoring changes how microlenders
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think, fostering a culture of analysis in which managers
regularly seek to mine their databases for information

that addresses business questions.

I. Introduction

Microcredit grew out of two new ways to judge the
repayment risk of the self-employed poor:
joint-liability groups and loan officers who make
detailed personal and financial evaluations
of individual borrowers and their homes, businesses,
and collateral. Scoring is another new (to microcre-
dit) way to judge repayment risk. It detects historical
links between repayment performance and the
quantified characteristics of loan applications,
assumes those links will persist over time, and then—
based on the characteristics of current applications—
forecasts future repayment risk. In high-income
countries, scoring (through credit cards) has
been the biggest breakthrough ever in terms of
providing millions of people of modest means with
access to small, short, unsecured, low-transaction-
cost loans. Is scoring the next breakthrough in
microcredit?

For the few microlenders who already are large, are
well run, and possess adequate electronic databases,
scoring can improve efficiency, expand outreach to the
poor, and improve organizational sustainability.
Scoring primarily reduces time spent collecting
overdue payments from delinquent borrowers. (A
typical loan officer might save a half-day per week.)
Loan officers can use this time to search for more
good borrowers, improving both depth and breadth
of outreach.

For large microlenders, scoring can also be
profitable. For example, one test with historical data
in Bolivia suggested that rejecting the riskiest 12
percent of loans disbursed in the year 2000 would
have reduced the number of loans 30 days overdue by
28 percent.3 Given conservative assumptions about

the cost of the scoring project, the net benefit of

rejecting loans that would have gone bad, and the net
cost of mistakenly rejecting loans that would have
been good, scoring would have paid for itself in about
one year. It would also have had a net present value
of about $1 million.

Scoring is a marked improvement, but it is not a
breakthrough on the scale of joint-liability groups and
individual evaluations by loan officers. In fact scoring
probably will not work for most group lenders or vil-
lage banks. Furthermore, most microlenders that
make loans to individuals are not ready for scoring,
either because they must first perfect more basic
processes or because their databases are not yet ade-
quate for scoring. Even for microlenders that are
ready, scoring will not replace loan officers and their
subjective evaluation of risk factors that are not (or
cannot be) quantified in a database. Scoring is not the
next breakthrough in microcredit, but it is one of a
few new ideas (such as tailoring products to demand,
offering deposit and payment services, paying
attention to governance and incentives, and improv-
ing business organization) that promise smaller—but
still important—improvements in microcredit for
a long time to come.

The central challenge of scoring is organizational
change—after all scoring’s predictive power can be
tested with historical data before it is put to use. Loan
officers and branch managers sensibly distrust
magic boxes. Before they trust scoring, they need to
understand how scoring works in principle and then
see it work in practice with their own clients.
Understanding and acceptance requires repeated
training, careful follow-up, and constant demon-
strations of predictive power with currently out-
standing loans. In the long term, a good scoring
project should change an organization’s culture,
shifting it toward explicit analysis by managers (with
the help of full-time, in-house analysts) of the
untapped knowledge in their databases to inform

business questions.



Using examples from actual scoring projects,
this paper explains how scoring works in principle
and in practice. It describes different types of
scorecards and—more importantly—tells how to
test scorecards before use, how to use them in the
field, and how to track their performance. Along
the way, the paper discusses strengths and weaknesses
of scoring and dispels several myths, in particular the
myths that scoring will replace loan officers and will
speed the evaluation of loan applications. To
help microlenders prepare and take full advantage of
scoring, the last section discusses the nuts-and-bolts

requirements for the design of data collection.

II. Subjective Scoring versus Statistical
Scoring

Microlenders already use subjective scoring, but
not statistical scoring. This section presents the
basic concepts of scoring—whether subjective
or statistical—and tells why the two approaches
are complementary. Any technique that forecasts
from current characteristics
links

scoring. Two approaches to

future risk using

knowledge of past between risk and
characteristics is
linking characteristics to risk are subjective scoring
out a

and statistical scoring. Figure 1 lays

general comparison of the two.

Figure 1: Comparison of Subjective Scoring and Statistical Scoring

Dimension

Source of knowledge

Consistency of process

Explicitness of process

Process and product

Ease of acceptance

Process of
implementation

Vulnerability to abuse

Flexibility

Knowledge of trade-offs
and "what would have
happened"

Subjective Scoring

Experience of loan officer and
organization

Varies by loan officer and day-to-day
Evaluation guidelines in office; sixth
sense/gut feeling by loan officers in field
Qualitative classification as loan officer

gets to know each client as an individual

Already used, known to work well; MIS
and evaluation process already in place

Lengthy training and apprenticeships for
loan officers

Personal prejudices, daily moods,
or simple human mistakes

Wide application, as adjusted by
intelligent managers

Based on experience or assumed

Statistical Scoring

Quantified portfolio history in database

Identical loans scored identically

Mathematical rules or formulae relate
qguantified characteristics to risk

Quantitative probability as scorecard
relates quantitative characteristics
to risk

Cultural change, not yet known to
work well; changes MIS and
evaluation process

Lengthy training and follow-up for all
stakeholders

Cooked data, not used, underused,
or overused

Single-application; forecasting new
type of risk in new context requires
new scorecard

Derived from tests with repaid loans
used to construct scorecard
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Box 1:

Scoring, Group Loans, and Village Banks

Because of data issues and the nature of group lending, statistical scoring probably will not work well for
joint-liability groups or village banks. A fundamental data issue is that most group lenders do not accept
partial payments: either everyone in the group pays on time, or no one does. This is a sensible policy, but it
means that the database does not record whether individuals in the group were willing and able to make their
payments on time. There is no data on individual risk. In this case, scoring can predict the risk of the group,
but not the risk of an individual in the group. Unfortunately, group risk is much less strongly linked to group
characteristics (such as whether the members are the same gender, or their average age) than
individual risk is linked to individual characteristics.

Even if a lender does accept individual payments, the essence of joint liability is that the individual risk of
group members is largely decoupled from individual characteristics. The group can increase an individual’'s
willingness to pay (through peer pressure and social sanctions), and the group can increase an individual’s
ability to pay (through peer mentoring and informal insurance). On the other hand, the group—through “domino
default”—can destroy an individual’'s willingness to pay. Thus, regardless of an individual’s characteristics, re-
payment risk depends in large part on interactions among group members, and the outcome of these
interactions is not likely to be well proxied by quantified characteristics.

In summary, quantified characteristics are less indicative of risk for groups than for individuals. This is not
bad; it is the purpose of the group. It does, however, make scoring more difficult and less powerful for lenders

to groups or for village banks.

Subjective Scoring

Microlenders currently judge risk with subjective
scoring, forecasting repayment based on their
quantified knowledge (measured in numbers and
recorded in their electronic database) and their
qualitative knowledge (not measured in numbers
and/or not recorded in their electronic database)
of the characteristics of the client and the loan con-
tract. The loan officer and credit manager—as well
as the microlender as an organization—share their
experience through written policy, training, and
simple word-of-mouth.

While subjective scoring does use quantitative
guidelines—for example, disqualifying anyone with
less than a year in business—it focuses on the loan
officer’s sense of the personal character of the client.
Based mostly on intuition, subjective scoring pro-
duces a qualitative judgment of “not very risky,
disburse” versus “too risky, reject.”

Subjective scoring works, as the history of

microcredit demonstrates. But is there room for

improvement? For example, loan officers must
spend time absorbing the lessons of the organization’s
experience and developing a sixth sense for risk.
Also the predictive accuracy of subjective scoring
can vary by officer and by a loan officer’s mood on a
given day. Subjective judgment also allows for dis-
crimination or mistakenly focusing on too few (or the

wrong) characteristics.

Statistical Scoring

Statistical scoring forecasts risk based on quantified
characteristics recorded in a database. Links between
risk and characteristics are expressed as sets of rules or
mathematical formulae that forecast risk explicitly
as a probability. For example, a 25-year-old male
carpenter applying for his first loan might have a 20
percent predicted risk of having arrears of 30 days,
whereas a so-year-old female seamstress, who had no
late payments in three previous loans, might have
a predicted risk of 5 percent. Finance is risk

management, and statistical scoring facilitates risk



management by making risk evaluation consistent and
explicit. The predictive accuracy of statistical scoring
can be tested before use.

Scoring’s weakness is its newness; only a handful of
microlenders have tried it. The use of quantitative
knowledge in a database to help judge risk runs
counter to the two breakthrough innovations (joint-
liability groups and one-on-one relationships
with loan officers) that define microcredit, both
of which take advantage of people’s subjective
knowledge of creditworthiness. To adopt something
so different as statistical scoring requires a long period
of training and adjustment, as well as constant
demonstrations of predictive power. Even after
microlenders accept scoring, they must guard against
depending on it too much. Unfortunately statistical
scoring is probably more relevant for individual
loans than for group loans or village banks, as
Box 1 explains.

Scoring for microcredit also has limited application
because it requires an electronic database that records
repayment behavior for a large number of past loans
as well as characteristics of the client and the loan con-
tract. Furthermore, the data must be reasonably ac-
curate. Some microlenders have accumulated adequate
data in the course of their normal portfolio manage-
ment. Many others, however, do not have electronic
databases, do not record enough information on each
loan, or do not record accurate data. One aim of this
paper is to help managers think about how to redesign
their information systems so that in the future their

databases will be adequate to support scoring.

Subjective Scoring and Statistical Scoring are
Complements

Statistical scoring ignores everything but quantified
characteristics, while subjective scoring focuses mostly
on qualitative characteristics. Which approach is best?
In microcredit both have a place because they com-
plement each other.

Subjective scoring can

consider what statistical scoring ignores, and
statistical scoring can consider relationships too
numerous, too complex, or too subtle for subjective
scoring. Both approaches to scoring assume that the
future will be like the past and that characteristics are
linked with risk. These assumptions, of course, are
never completely true, but they come close enough to
make scoring worthwhile.

Scoring—be it statistical or subjective—presumes
that some knowledge of the past is better than none.
Subjective scoring—because it relies on experienced
people who can spot patterns and combine knowledge
from many sources—can respond quickly and flexibly
when trends break with the past. Statistical scoring is
more consistent and picks up more (and subtler)
trends, but it can only forecast what has already
happened many times.

Some risk is undoubtedly linked with quantified
characteristics, such as indebtedness and previous
arrears. Not all characteristics are quantifiable,
however, and even quantifiable characteristics are not
always quantified. Most relevant for microcredit, some
(unknown) share of risk depends on personal
character that can be judged only by getting to know
the client. What share of risk is linked with quantified
characteristics? This paper, buttressed by the tests in
Sections III and IV, argues that the share is large
enough to make statistical scoring worthwhile. The
tests in Sections III and IV also show that the share is
too small to discard subjective scoring.

Some risk is linked with quantified characteristics
best considered by statistical scoring; some risk is
linked with qualitative characteristics best considered
by subjective scoring. In microcredit the qualitative
share is too large for statistical scoring to replace loan
officers and their subjective scoring. Likewise,
statistical scoring will not relieve credit managers of
the responsibility for credit decisions. For example,
it cannot detect whether borrowers know their

business or whether they will squander the loan
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Figure 2: Four-Leaf Tree, 1992-99 Data (Tree Form)

ALL LOANS
Bads/All Paid-offs

=31,964/200,181
=16.0%

Type of Loan

NEW
Bads/All Paid-offs
=14,670/76,182
=19.3%

Gender

RENEWALS
Bads/All Paid-offs
=17,294/123,999

=13.9%

Gender

WOMEN

Bads/All Paid-offs
=9,354/52,395

=17.9%

MEN
Bads/All Paid-offs
=5,316/23,787
=22.3%

WOMEN
Bads/All Paid-offs

=11,426/89,246

MEN
Bads/All Paid-offs
=5,868/34,753

=12.8%

=16.9%

Figure 3: Four-Leaf Tree with Historical Risk, 1992-99 Data (Table Form)

Branch of Tree

Leaf First Second Bads

1 New Woman 9,354
2 New Man 5,316
3 Renewal Woman 11,426
4 Renewal Man 5,868
All Loans 31,964

Construction Sample, 1992-99

Goods Total Cases % Bad % of All

in Leaf Cases in Leaf
43,041 52,395 17.9 26.2
18,471 23,787 22.3 11.9
77,820 89,246 12.8 44.6
28,885 34,753 16.9 17.4
168,217 200,181 16.0 100.0

Source: Latin American microlender

proceeds. Statistical scoring is nothing more than a
third voice in the credit committee to remind the
credit manager and the loan officer of elements of risk

that they might have overlooked.

III. How Scorecards Work and How to

Test Them

A scorecard specifies the expected links between
future risk and the current characteristics of the bor-

rower, the loan, and the lender. Whereas subjective

scorecards combine explicit credit-evaluation guide-
lines with implicit judgments made by loan officers,
statistical scorecards are explicit sets of rules or math-
ematical formulae. This section presents an example
tree, the simplest type of statistical scorecard, and

shows how to test scorecards before they are used.

A Four-Leaf Tree
The four-leaf tree scorecard in Figures 2 and 3 was

constructed using data on paid-off loans at a large



microlender in Latin America. The lender defines as
“bad” all loans with at least one spell of arrears of 30
days, or with an average of at least seven days of ar-
rears per installment.*

The tree root at the top of Figure 2 shows
that 31,964 of 200,181 loans paid off in 1992-99
were “bad.” Historical risk was thus 16 percent,
the number of bad loans divided by the number
of all loans. Tree branches below the root in Figure
2 split “paid-off loans” (which include both paid-off
loans and written-off loans) into four leaves according
to the type of loan (new or renewal) and then according
to the gender of the applicant (woman or man). For new
loans to women (lower left leaf), historical risk was 17.9
percent—9,354 bad loans divided by 52,395 total loans.
For new loans to men, historical risk was 22.3 percent—
5,316 bad loans divided by 23,787 total loans. For renewal
loans to women, historical risk was 12.8 percent, and for
renewal loans to men, historical risk was 16.9 percent.

Figure 4 depicts the same tree as Figures 2 and 3.

The four segments represent the four leaves. The

segments are ordered from least risk (left) to most
risk (right). Their height depicts their historical
risk, and the length of each segment depicts the
share of the leat among all paid-off loans. For
example, renewal loans to women account for 89,246
divided by 200,181 = 44.6 percent of paid-off
loans (see Figure 3, Leaf 3, right-most column).

This simple four-leaf tree offers several insights

for this microlender:

= For a given gender, new loans had more risk
than renewals.

= For new loans and renewals, loans to men had
more risk than loans to women.

= The least risky segment (repeat loans to women)
had about half'as much risk as the most risky seg-
ment (new loans to men).

= The largest segment (repeat loans to women,
with almost half of all loans) had the least risk.

» The smallest segment (new loans to men,
with about 12 percent of all loans) had the
most risk.

Figure 4: Four-Leaf Tree with Historical Risk, 1992-99 Data (Graph Form)
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£
= 0.20— New loans to women
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How might the microlender act on these insights?
Because new loans—especially to men—are risky, the
lender might want to screen applications in this
segment with extra care. The lender might also reduce
the analysis required of loan officers, or the require-
ments for clients, for applicants in the low-risk seg-
ments. Scoring only predicts risk; it does not tell the
lender how to manage it.

The results from this simple four-leaf tree are not
too surprising. Most microlenders probably know that
new loans are riskier than repeat loans and that men
have higher risk than women. Some might be
surprised, however, to discover that new loans to men
are almost twice as risky as repeat loans to women.
This simple example merely illustrates the concepts of
scoring rather than providing deep insights into previ-
ously unknown links between characteristics and

repayment risk.

How Does aTree Forecast Risk?

Scoring assumes that past relationships between risk and

characteristics will still hold in the future. Thus, histor-
ical risk in a segment becomes predicted risk for the
segment. Suppose, for example, that the microlender
with the four-leaf tree in Figure 4 receives a renewal
application from a woman and, after a traditional credit
evaluation process, provisionally approves it. Historical
risk for renewal loans to women is 12.8 percent, so the
risk forecast derived from the tree scorecard is 12.8
percent. An application for a new loan from a man—if’
provisionally approved by the lender’s traditional
norms—would have a risk forecast of 22.3 percent, the
historical risk of that segment.

Scoring makes forecasts—whether by means of trees or
more complex scorecards—by assuming that the future
risk of'an application with given characteristics will be the
same as the historical risk of applications with the same
characteristics. Subjective scoring also does this, but it
measures historical relationships qualitatively and implic-
itly rather than quantitatively and explicitly.

Any scorecard can forecast risk, but not all do it

well. Fortunately predictive power can be tested

Figure 5: Construction Sample and Test Sample

B Construction sample (1992-99) _ Test sample (2000-01)
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1992 12/31,/99 7/31/01
 Construction sample: Loans B, D, and E
* Test sample: Loans C and F
 Outstanding loans as of 7/31/01: Loans A and G




Figure 6: Four-Leaf Tree with Realized Risk, 2000-01

Branch of Tree

Leaf  First Second Bads Goods
1 New Woman 5,740 26,589
2 New Man 3,281 11,674
3 Renewal Woman 7,752 56,575
4 Renewal Man 3,770 19,627
All Loans 20,543 114,465

Source: Latin American microlender

before use. Historical tests reveal how well the score-
card would have performed had it been used in the
past. The assumption is that scoring will have similar
predictive power from now on.

Suppose someone who plays the stock market or the
horses concocts a new system to beat the market or
the track. Before staking their own cash, they would
be foolish not to test the new system with historical
data to see how it would have worked in past years.
Likewise, microlenders should test their scorecards
before use. This prevents disasters and helps convince
skeptical personnel that scoring really works.

The historical test uses the scorecard to predict risk
for loans already paid off (or written oft), based on
the characteristics known for those loans at disburse-
ment. The test then compares predicted risk with re-
alized risk, that is, whether the loan (after disburse-
ment) turned out good or bad. Historical tests are a
central feature of scoring; no lender should score

without first testing predictive power.

Historical Tests

Historical tests have three steps: deriving a scorecard
from loans in the construction sample, using the score-
card to forecast risk for loans in the test sample, and
comparing predicted (historical) risk with realized risk.

A historical test divides paid-off loans (including

Total Cases Predicted Realized % of All
in Leaf % Bad % Bad Cases in Leaf
32,329 17.9 17.8 23.9
14,955 22.3 21.9 11.1
63,327 12.8 12.1 47.6
23,397 16.9 16.1 17.3

135,008 16.0 15.2 100.0

written-off loans) into two samples. Loans that were
paid off by a specified deadline in the past make up
the construction sample used to build the scorecard.
In Figure s, loans B, D, and E were paid off before the
deadline and so fall into the construction sample.

Loans paid off after the deadline, but before the last
date in the database, make up the test sample used to
test the predictive power of the scorecard. In Figure
5, the test sample is loans C and F because they were
paid off after the construction deadline but before the
database cut-off. Loans outstanding as of the database
cut-off—loans A and G in Figure s—are omitted from
both the test sample and the construction sample be-
cause their good /bad status is still unknown.

To mimic real-life scoring, the test should follow
three principles. First, a given loan may be used in
either construction or testing, but not both. Using
the same loan in both stages overstates predictive
power. The construction stage tailors the scorecard
to fit apparent patterns of association between
characteristics and risk in the construction sample.
Some of these patterns, however, change over time,
or are not real patterns at all but the results of chance
in a finite sample. These patterns are absent in loans
outside the construction sample. Thus the scorecard
predicts more accurately for loans in the construction

sample than for other loans. In real life, what

9



Figure 7: Test of Four-Leaf Tree, Comparing Predicted Risk with Realized Risk, 2000-01
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matters is prediction for loans not in the
construction sample.

Second, test loans must be paid off after construction
loans. An actual scorecard forecasts risk for loans paid
oft after the cut-oft date for loans in the construction
sample, and the test should mimic this situation.

Third, the test must base forecasts only on char-
acteristics known at disbursement. Any information
acquired after disbursement must be ignored
because real-life forecasts cannot take advantage of
this data.

In the four-leaf tree in Figure 3, the construction sam-
ple is the 200,181 loans paid off in 1992—99, and the test
sample, Figure 6, is the 135,008 loans paid off between
January 1, 2000, and July 31, 2001. Given the type of
loan (new or renewal) and the gender of the borrower
(woman or man), the scorecard predicts that future risk
for test cases will be the same as historical risk for
construction cases with the same characteristics.

For example, in Figure 6, predicted risk for renewal

loans to women is the historical risk for the segment,

10

12.8 percent (Leaf 3, “Predicted % Bad” column). It
turns out that realized risk in 2000-01 was 12.1 per-
cent (Leaf'3, “Realized % Bad” column). The accuracy
of the scorecard is seen in Figure 7 as the distance
between the lines for predicted (historical) risk and
realized risk.®

Predicted risk for new loans to men (the highest-risk
(Leaf 2, “Predicted

% Bad” column). This again comes close to the real-

segment) is 22.3 percent

ized risk of 21.9 percent (Leat 2, “Realized % Bad” col-
umn). In fact the tree’s risk forecast was close to the
realized risk in all four segments, as the graph in Fig-
ure 7 shows.

Scoring forecasts risk by assuming that past
links between risk and characteristics will hold in
the future. Historical tests of predictive power
compare predicted risk with realized risk for loans
paid off'in the past. Scoring works much like the ar-
rears-based grades that many microlenders already
use, but scoring, once it has been developed, is eas-

ier and more powerful to use (see Box 2).




IV. How to Use Scorecards

How would loan officers and credit managers use
scoring in their daily work? This section uses a 19-
leaf tree to illustrate a policy for application
decisions based on four risk classes into which the
applications fall. The section then shows how to use
the historical test of predictive power to set policy
thresholds and to estimate trade-offs between risk,

disbursements, and profits.

A 19-Leaf Tree

Like the four-leaf tree, the 19-leaf tree in Figure 8 is
constructed from data on paid-off loans gathered by
a large microlender. The microlender defines “bad”
as a loan with a 30-day spell of arrears or an average
of seven days of arrears per installment. The 19-leaf
tree has more leaves than the four-leaf tree, but the
concepts are the same. More leaves allow finer-grained
forecasts and greater distinctions between high-risk
cases and low-risk cases. The 19 leaves are defined by

up to four splits on seven variables that most

microlenders record as part of their traditional evalu-

ation process:

type of loan (new or renewal)

= number of telephone numbers (none, 1, or 2)

age of applicant (years)

experience of loan officer (number of disburse-
ments)

» days of arrears per installment in last paid-off
loan

= indebtedness (liabilities divided by assets)

= guarantee coverage (resale value of chattel
guarantee divided by amount disbursed)

Leaf 11 is the largest segment, 15.0 percent of all
loans (“% of All Cases in Leat” column), and also the
least risky, 4.5 percent (“% Bad” column). Segment 11
contains renewals from applicants who averaged less
than 1.5 days of arrears per installment in their last
paid-off loan, reported zero or one telephone num-

ber, and were more than 40 years old.

Box 2: Scoring versus Arrears-Based Grading

Many microlenders grade applicants based on their arrears during the previous loan. Scoring is similar to
grading, only scoring is more accurate and, because differences between forecasts have known meanings, it
is easier to use. If grading is useful, scoring is more useful for three reasons.

First, scoring quantifies risk as a probability; grading merely ranks risks. For example, grade A might mean
“offer special incentives to keep loyal,” grade B, “accept and allow increased amount and term-to-maturity,”
grade C, “accept with no change in terms,” and grade D, “reject.” The lender, however, has no expectation of
what share of those graded A will go bad, nor does the lender know how much more risk “is implied by an A
than a C.” In contrast, scoring not only ranks risks but also—once adjusted for absolute accuracy (see Section
V)—specifies precise diff