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Abstract

As practiced by banks, assessing the creditworthiness of an enterprise is a process that consists of weight-
ing up several facts against each other. Whereas the collection of the facts is often standardized, the
evaluation of them is carried out depending mainly on experience and internal standards of the banks by a
human being called credit—analyst. The final decision on the creditworthiness is then made by a more senior
officer of the bank.

Therefore, the mentioned process is well suitable for modelling with a fuzzy—system for supporting the
decision. But for a successful practical implementation the system has to meet several criteria for success:

(i) Minimized classification error, i.e. the system should classify as many creditworthy or not creditworthy
enterprises as possible as creditworthy or not creditworthy, respectively.
(ii) Transparency of the decision—process, i.e. an external analyst should be able to understand the decision.
(iii) Correctness of the decision, i.e. the external analyst should have got the same decision for at least
similar reasons.

In our paper we discuss these criteria and their influence on the fuzzy—model, especially on the membership—
functions.

KEYWORDS: membership functions, non linear programming, semantic correctness of rules, boundary condi-
tions

1 Assessing an enterprise

1.1 The process and its modelling

Assessing the creditworthness of an enterprise is a process yielding to a Yes—No—decision: It is to decide whether
the risk of lending a certain amount of money to an enterprise is acceptable or not, because the enterprise is
able to pay back that money plus the interest. In a bank this process has to be performed many times, e.g. at
the Deutsche Bundesbank approximately 65,000 times per year. Any automatization or standardization of this
process will increase the effectiveness and is therefore highly appreciated.

In practice, this process is performed in four steps:

(i) Collecting the data used for assessment.

(ii) Applying a tool for preselection. This stage of assessment is necessary for separating the unambiguous
cases from the ambiguous ones. Whereas the former enterprises can be regarded as assessed sufficiently,
the latter ones need a further assessment. A great deal of work is done in this subject, see [1]-[6].

Mostly, in this stage of assessment the enterprises are classified by a score called numeric value Z and it

holds then:
No. of case | Value of Z Meaning for assessment
1 Z < Zhad enterprise is probably not creditworthy
2 Z > Zgood enterprise is probably creditworthy
3 Zbad < Z < Zgood | enterprise may be either creditworthy or not

Cases 1 and 2 are the unambiguous ones, 3 is the ambiguous one.
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1 Assessing an enterprise 2

(iii) Revision of the results of step (ii). Whereas for reasons inherit to the method applied in the step before the
classification of enterprises with score under Zypaq or above Zgo04 is highly sure, the rest of the enterprises
needs further examination. Therefore the process focuses now on these enterprises.

In this stage the credit—analyst is challenged. He — or she — goes on and looks for facts, that are not yet
regarded. The analyst bears in mind a few rules and checks with their help the state of the enterprise.

Keeping in mind that the score is intended as measure for the creditstanding then all these rules can be
formulated in a form like:

If property X; is observed and if property X5 is observed and if --- and if property Xy is
observed then the enterprise’s score has to be increased (or decreased).

An example of such a rule is

If the turnover is much lower than in the previous year then the enterprise’s score has to be
decreased.

Often this step has to be performed by the credit analyst, although it would be wishful to standardize
this step too. Recent research goes into this direction[9], [10].

(iv) Final assessment basing on the results of steps (ii) and (iii). In practice it is observed that for the same
enterprise some rules are relevant which plea for decreasing and some that plea for increasing of the
score. It is necessary to weigh up these contradicting rules in order to get a unambiguos decision. The
credit—analyst comes to this final decision by its experience.

In our opinion the decision—process of step (iii) can be modelled by a fuzzy—system. The i—th rule writes then:
If X;; is A;; and --- and X;n is A;x then change Z by AZ.

Here X;;---X;n are the input variables and A;; --- A;x are fuzzy—sets defined by a fuzzy partition of the
definition range of these input variables. Our goal is then to assign the creditworthy enterprises a score Z > Zz00d
and the not creditworthy enterprises a score Z < Zpaq-

Therefore it is suitable to calculate the aggregated output of the whole system as

AZ*- Z Vi H ta; (Xijipija, - pijN) + AZT - Z Vi H tas; (Xijs pij1, - - Pig,N)
pro—rules i—th rule contra—rules i—th rule

Znew :Z+

> v [ may(Xigipigas--pix)
all rules i—th rule

(1)

with AZT as the maximum surcharge to the Z-score, AZ~ as the the maximum deduction of the Z-score, ; as
the global weight of the i—th rule, and H pa;; (Xijipija, -+ pijN) as the degree of activation of the i—th rule.

i—th rule
This degree of activation depends only on the membership—functions p4,; of the fuzzy partition of the relevant

input variables X;;. The parameters p;;1,- - ,pij~N stand for positional parameters of the membership—functions
and are discussed in detail in Sec. 2.2.

1.2 Criteria for success

The first and most essential criterion for success are the apparent successful classification rate (ASCR) and
the rate of ambiguous classified enterprises (ACER) of the system. These quantities are defined in analogy to
statistical measures of performance[11]. Both quantities can be estimated from a representative sample drawn
from the whole population of enterprises. Important is, that it is known for the members of this sample in
advance, whether they are creditworthy or not!.

1S0 an enterprise may be regarded as not creditworthy if an application has been made for the instigation of bankruptcy or
composition proceedings against it, otherwise it may be regarded as creditworthy.
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. . . Zgood if it i i h;
Let the for the creditworthiness of i—th sample-member T2 hold TPPs = good 1 }t ® credltwo.r thy
v v Zyvad if it is not creditworthy

then is valid for ASCR ? and ACER with ©(x) as Heaviside’s function®, Pgy and Pps™ as the prior probabilities
for creditworthy and not creditworthy enterprises, respectively:

creditworthy, classified as creditworthy not creditworthy, classified as not creditworthy

S|P O — Zgood) O™ = Zgood) +PI™ O Znaa — 22O Zoaa — T2>)

sample

ASCR = . : o
Z I:PE'LSI:V@(T;) S — Zgood) + P;;W@(Zbad — Tio S)]
sample
S [O(Z = Zoaa)OZgsoa = Z2°) - (PT O™ = Zygua) + PO na — T3]
ACER = sample (3)
Z [P;;VG)(TiObS. - Zgood) + P:;;:WG)(Zbad — Tiobs')]
sample

Equation (1) allows it to determine the amount of which a specific rule contributes to the new Z—score. The
contribution C; of the i—th rule is

Vi - H pa;; (Xij;pij1, - DijN)
i—th rule { AZ*T if the rule is "pro’

= - - . . , (4)
Z vi H pas; (Xiji Pigay - - Dig.N) AZ~ if the rule is 'contra

all rules i—th rule

C;

The second and third criterion for success deal with these contributions.

The next criterion is transparency of the decision. C; makes the decision—process transparent to an external
analyst, because the bigger the absolute amount |C;| is the more important is the i—th rule for Z®*¥. So the
second criterion is already fullfilled by Eq. (1) as the model of the analyst’s decision process.

The last but not least criterion is the correctness of the decision. That means that out of all pro— and contra—
rules only rules which would have been chosen by an experienced credit—analyst, too, contribute to Z™*". This
criterion has implications on the fuzzy—partition, what is discussed in detail in Sec. 2.2.

2 Adjusting the model to reality

2.1 Fuzzy-system and reality

The fuzzy—system should reflect reality. Basically, there are two opportunities for implementing reality:
(i) The pro— and contra—rules that are included in the model (1).

ii) The way the definition-range of the inputvariables X;; is fuzzy—partitioned.
y g J y

Our assumption is — as mentioned in Sec. 1.2 —, that a representative sample exists. In this sample it can be
tested, whether a certain rule is relevant for the sample or not.

There are several methods, how to estimate the relevance of a rule on the basis of a sample. One approach
is according to the Fuzzy—-ROSA method [7], which subjects every rule to a test, founded on statistical eval-
uation and confidence intervals. Each data set of the sample contributes in eq. (1) to the final result of the
evaluation according to the degrees of matching of its premises. Consider with N as the number of data

N
ST was(Xiipijas - pijx)
sets in the sample, Pr(i—th rule) = *=Li-thrule N as the unconstrained probability of

2Note, that enterprises classified into the ambiguos region do not count for ASCR.

3This function is defined as ©(z) = { (1) ii; ; g .
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N
S TT ray (Xispijas - pijn) - ©(=|Tg" — Thyl)

the i-th rule, Pr(i-th rule | Conclusion Th;) = A=1ith mleN as the
oI wasXisipijn,-pign)
k=1 i—th rule

constrained probability of the conclusion part* of i-th rule. Based on these values a rule is relevant if the
constrained probability exceeds the unconstrained probability for finding a good or bad enterprise in the given
sample: Pr(i-th rule | Conclusion Th;) > Py'®(Th; — Zgooa) + Pay ™ ©(Zbaa — Th;). The significance of estima-
tion is also considered by calculating confidence intervals, which must not overlap[8]. A more rough approach
is to accept only rules for which holds Pr(i—th rule) > Py,® and Pr(i-th rule | Conclusion Th;) > 0.5.

So it can be tested, starting from all rules that are proposed by human experience, which of these rules can in
fact be applied. But it can be done the other way round, too: Starting from a universe of all possible rules® all
rules, that are relevant for the sample may be gotten. In a second step these relevant rules may be filtered by
human expert(s).
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Figure 1: The 3 basic-types of membership—functions for the linguistic terms ’small’, (upper left) 'medium’ (upper right) and ’big’
(lower left) and an example for a fuzzy—partition (lower right). Note, the parameters p1,--- ,p4 allow to control the position of the

membership—functions.

Anyway, both methods result in a set of relevant and accepted rules. The second method may be yield more
rules, because it guarantees, that no rule is forgotten. Both methods require a fairly good fuzzy—partition of
the input space.

Every linguistic variable can be modelled by a combination of the membership—functions plotted in Fig. 1.
In our opinion these piecewise linear functions are good enough; more sophisticated functions e.g. Gauss’

Zhad  if the i—th rule decreases Z
5This condition secures a sufficient amount of data, for which the regarded rule is relevant.
6This universe results from all possible combinations of the fuzzy-input—space.

4For the conclusion Th; of the i—th rule it is supposed that holds Th; = { Zgood  if the i-th rule increases Z



2 Adjusting the model to reality

function for the term 'medium’ do not really a better work. For a rough estimation of the performance of the
fuzzy-system (1) these membership—funtions are well suitable.

All the membership—functions have a different set of parameters p;,--- that allows to control their actual
position in the input space. For an optimal performance of system (1) it is important to have an optimal
position — and thus an optimal set of positional parameters — of every membership—function. This optimal set
of parameters can be determined either by human experience or by adopting the parameters in a more objective
way. A method that is performed succesfully at the Deutsche Bundesbank is introduced in Sec. 2.3.

2.2 Semantic correctness of the rules

Let us consider the following three rules:

(i) If turnover is much lower than in the previous year then the enterprise’s score has to be decreased.

(ii) If turnover is unchanged or moderately higher than in the previous year then the enterprise’s score has
to be decreased.

(iii) If turnover is much higher than in the previous year then the enterprise’s score has to be decreased.

The inputvariable 'turnover’ has to be partitioned into three features: much lower, unchanged or moderately
higher and much higher. By this partition it has to be obeyed that the partition is reasonable.

According to fuzzy set theory an overlapping of the membership—function is possible and an important feature
of these functions. But not every partition is sensible: An overlapping of the membership—functions for the

terms much lower and much higher contradicts human thinking and it is therefore not explainable (cmp. also
Fig. 2).

Remember, that we in Eq. (4) the contributions C; introduced as quantity to make the decision of the system
transparent. Overlapping membership—functions result in rule—contributions for both rules in the area of overlap
and thus the result is explained in a not understandable way. Although this overlapping may improve ASCR

or ACER, it should be avoided, since transparency and explainable decisions of the system are as important as
a good ASCR and ACER.

A fuzzy—partition of the input space that allows only acceptable areas of overlappings is called semantically
correct.
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Figure 2: An example for semantic incorrect fuzzy—partition (left) of the input space with the membership—functions from Fig. 1
Semantic correct partition of input—space by setting membership—functions to 0 (right).

As a result of these considerations we end up (for an inputvariable that is splitted into three linguistic terms)
for the semantically correct partition with five different subsets (cmp. Fig. 2):

e three subsets of clear—cut membership in which the inputvariable — with a varying degree of membership

— belongs exclusively to one linguistic term (in our example: much lower, unchanged or moderately higher,
or much higher), and
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e two areas of overlap in which a fluid transition occurs between the clear—cut subsets because in them the
feature belongs to two linguistic terms (in our example: much lower and unchanged or moderately higher
or unchanged or moderately higher and much higher).

Semantic correctness can easily introduced by an additional parameter per membership—function in conjunction
with boundary conditions. The new parameter is called pn;, for the membership—function for much higher and
is called ppax for much lower. Tt gives the maximum or minimum value of the inputvariable, respectively, for
which the membership—function is greater than zero. As an example the membership—function for much higher
is given by:

0 for X < max(p1, Pmin)
HMmuch higher(X;plypZ;pmin) = 1 fOI' X > ma'x(p2>pmin)
;i — elsewhere

The concept for the much—higher-membership—function is adoptable to all kinds of membership—functions. And
since it is easier to formulate sensible ranges for the parameters for a human expert semantic correctness can
be guaranteed by boundary conditions.

Boundary conditions are the mathematical translation for semantic correctness. To give an example: For the
membership—functions for unchanged or moderately higher and much higher it is demanded from the point of
view of a human expert that holds:

(i) The degree of membership of input—values X < 0 to much higher has to be zero.

(ii) The degree of membership of input—values to much higher where the degree of membership to unchanged
or moderately higher is greater than .5 has to be zero, too.

Thus the resulting boundary conditions for the parameters of the function for much higher pi™" Migher pmuch higher

and pmuch Msher ond for the parameters of the function for unchanged or moderately higher pi

unchanged much higher much higher much higher unchanged unchanged
Py are py > 0 Prin >0 and Prin > 5(3p — Dq )

According to our experience all these necessary boundary conditions plus external knowledge about the membership—
function” can be transformed into a linear system. Thus, a linear system of inequality constraints like eqns. (5)
guarantee semantic correctness:

h d
unchanged . 4

a {<=} Z Qijk1Pij,k

All parameters

an {<=} Z @ijkNDij,k

All parameters

2.3 Adjusting as a NLP—Problem

With the knowledge of Secs. 2.1 and 2.2 we can rewrite our goal to adjust the fuzzy—system (1) to reality as:

For a representative sample of creditworthy and not creditworthy enterprises maximize the function
(2) and minimize (3) with Z given by eq. (1) under the linear constraints (5) with respect to the
variables p;j ., vi, AZt and AZ~.

This is a nonlinear—programming—problem and can be solved by numerical techniques developed for these
problems[12], [13]. After having the solution — if it exists — we can say, that our fuzzy—system is adjusted in
the most possible way to reality. The amount of free parameters determines the size of the sample in order to
avoid overfitting: Ten Inputvariables and three fuzzysets per variable result in 80 parameters, each rule in a
further parameter. So we may end up in a system with something between 150 and 200 parameters.

"This knowlwdge reflects the experience of the human analyst. So it may be generally accepted that a much—higher—turnover
starts at 10%, what means in terms of parameters of the membership—function that p™“P Pigber 5 4 10 has to be valid.

min



3 Results

Another consideration deals with the functions we wish

to minimize. Instead of minimizing two functions it ACER (cre ditwort/gsggéﬁ%{ P
is much better to minimize only one. Keeping in & gfq%,g%? —_
mind that it is worse to classify an enterprise false e
than to classify it not we can in eq. (2) approximate 2

Heaviside’s function with an argument containing Z™ o« 75| ( 1
by a Fermi- or logistic function with the same argu- 2 s: [8

ment. For creditworthy enterprises that function is 1 & = 2

if Z™Y > Zgood, 0 if 27" < Zpaq and between 0 and § 0501 s [ % i
L if Zyag < Z™V < Zgeoa and vice versa for the not 32 <[is

creditworthy enterprises — cmp. Fig. 3. g 025¢ % il
We then can forget about ACER, since to the new’ °

ASCR contributes every correct classified enterprise 0 = -

with 1, every false classified enterprise with 0 and every bad & ore ZMew 9%

not classified enterprise with a value between 0 and 1. Figure 3: ASCR, ACER and Targetfunctions for creditworthy

That value is larger Z™°V is the closer Z™®V is to the

and not creditworthy enterprises.

boundaries for correct classification. Therefore the new target is maximized if as many enterprises as possible
are classified correctly. The NLP-Problem reduces then to maximize only one function.

3 Results

The principles explained in Sec. 2 are imple- ASCR | ACER
mented successfully for more than a year in in % in %
the Bundesbank’s method of assessing the cred- | after step (ii), i.e. Discriminant analysis |  70.9 17.5
itworthiness of business enterprises[14]. The | after Fuzzy-model of step (iii) 78.4 58

score Z derived from the statistical tool for pre-

Table 1: Classification results in the standardized process of assessing

selection comes from a discriminant analysis. the creditworthiness at the Deutsche Bundesbank. Note, that these results
The here presented methodolgy of rule gener- for reasons of comparability are determined out of the sample under the

ation and rule testing yields rules that are well

assumption of equal prior probabilities (P;‘;W =Py = .5).

acceppted by the credit analyst.
Table 1 shows, that the main goal is reached: ASCR has increased, whereas ACER decreased.
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