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Manamapuyk O.B. BIABIP TMOKA3HMKIB TA MOAENOBAHHA KPEOUTOCMNPOMOXHOCTI

3 BUKOPUCTAHHSAM TEOPIT HEYITKOI NNOTIKK

IOPMOUYHUX OCIB

Y uin cTatTi nogaHo HOBWUK Niaxia Biabopy koedilieHTiB, KA 4O3BONUTL 06paTh HanbinbLL iIHPOPMATMBHI MOKA3HWMKM NPU PO3paxyH-
Ky KpeamToCnpoOMOXKHOCTI opuanyHmx ocib. B poboti 6yno o6pobneHo peanbHi AaHi BITYN3HAHWMX KOMMaHii Ta obpaHi Ti NoKasHWKK, Sk
HanbinbL epekTMBHO BM3HAYaOTb KPeaUTOCIPOMOXHICTb topuanyHmx ocib. Kpim Toro, 6yna nobygoBaHa Mofenb HeYiTKOI Noriku, sika

nokasye 77% edekTMBHOCTI NPOrHO3yBaHHS.

KntouoBi crnioBa: KpeauToCnpoMOXHICTb, koedilieHTn, 6aHkpyT, cTabinbHa komnaHisi, opuanyHa ocoba, iHaHCOBI NOKa3HMKK, No-

3U4anbHWK, TEOPIst HEYITKOI noriku, TepMm, 6a3a npasumn.

Nanamapuyk O.B. OTBEOP MOKA3ATENEW W MOQOENWPOBAHWUE KPEOUTOCMOCOBHOCTU HOPUOUYECKUX nUL

C UCNONb30BAHUEM TEOPUM HEYETKOW NOTUKK

B aToi cTtatbe npeactaBneH HOBbIA Moaxon oTbopa Ko3adhMUMEHTOB, KOTOPLIN NO3BONMUT BblibpaTh Hanbonee MHoOpMaTUBHbIE
rokasaTenu npu pacyete KpeamMToCcnocobHOCTM opuandeckux nuu. B pabote 6binn obpaboTaHbl peanbHble faHHbIe 0TeYEeCTBEHHbIX
KOMMNaHuiA 1 BbiGpaHbl Te nokasaTtenu, KoTopble Hanbonee achHeKTVBHO ONpeaenstoT KPeanToCnocobHOCTb topuandeckux nuy. Kpome
TOro, Gbina NocTpoeHa Modenb HEYETKON NOTKKKW, KOTopas nokaabiBaeT 77% adheKTUBHOCTY MPOrHO3MPOBaHWS.

KntoueBble crnoBa: KpeamMTocnocobHOCTb, kKoahuLmMeHTbl, 6aHKpPOT, cTabunbHas KoMNaHus, PUHAHCOBbLIE NoKa3aTenu, puanye-

CKoe nuuo, Teopua HEYEeTKOM NOTVKM, 3aeMLUVK, TEpM, basa npasun.

The posing of problems. Today, as in prior years,
determining the probability of loan default when a cus-
tomer refers to the bank is a relevant topic. Moreover,
there could be several appeals. Conclusions on possible
lending for a legal entity for each appeal may differ.

It depends on the current financial status of a legal
entity since the main source of information is their
financial reports.

All known approaches to the analysis of the cred-
itworthiness of legal entities based on the study of
enterprise financial condition of the borrower and
consideration of his credit history. An analysis of
financial condition usually comes down to using dis-
criminant and regression models. It is based on finan-
cial data and includes the manipulation by quantita-
tive indicators, such as the Altman Z-factor [1]. This
approach has become widespread and has been applied
in many countries for different years in models of
Toffler and Tishaw for the UK [2], Beermann for
Germany [3], Davidova and Belikov for Russia [4],
Tereshchenko [5], Cherniak [6], Matviychuk [7] and
discriminant models approved by the National bank
of Ukraine on 25.01.2012 Ne 23 [8], for Ukraine, and
many others.

However, a comparison of data obtained for a num-
ber of countries shows that weighting coefficients in
the Z-convolution and limiting standards vary greatly
not only from country to country but also depending on
the year in the same country [5, 9, 10].

Classic numerical methods for diagnosing bank-
ruptey, which are based on work only from financial
indicators, have resistance to variations in the output
and cannot effectively handle qualitative indicators.
Therefore, it becomes important to consider the addi-

tional expert-analytical information when analysing
because the outcome of bank’s decision to grant or to
refuse the credit is also influenced by such factors as
the reputation of the company, the authority of the
head of the company, his personal qualities, ownership
of the company etc. These figures cannot be quanti-
tatively described always. That is why a problem of
interpretation and processing of ambiguous linguistic
information arises.

Another conventional approach to evaluating the
possibility of bankruptcy, such as the Argenti method
[11], based on the work with quality indicators. How-
ever, this approach has its own drawbacks. In partic-
ular, the problem of this approach to analyse the risk
of bankruptcy caused by lack of widely recognized
measuring instruments of a quality factor and these
parameters have not been classified in terms of actual
deviations of their values from some admissible norms.
Accordingly, this approach is characterized by a large
proportion of subjectivity and does not provide optimi-
zation of the model on real data.

A significant increase in the effectiveness of anal-
ysis of the financial capacity of the borrower can be
achieved by a combination of quantitative (finan-
cial) and qualitative indicators. However, the above
approaches do not provide such possibilities for ana-
lysts. To avoid these limitations, Nedosyekin has devel-
oped a methodological approach to risk assessment of
bankruptcy on grounds of the theory of fuzzy logic
that provides an opportunity to carry out integrated
diagnostics of bankruptcy based on quantitative and
qualitative factors [12]. However, this method is, in
fact, the interval analysis, which means that the set of
possible values of all indicators are divided into clearly
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defined intervals. And elements of the theory of fuzzy
logic are used only to convert qualitative indicators in
numerical form. This approach is devoid of flexibility
and disables optimization of model based on retrospec-
tive data.

Ease of use. Thus, the analysis of existing meth-
ods of credit analysis and diagnosis of the financial
condition of the borrower leads to the conclusion
that there is a need to build a number of adaptive
mathematical economic models, which would be based
on the theory of fuzzy logic that allow avoiding the
above restrictions. This instrument has been chosen
as the mathematical basis, as it enables to form a
model, which take into account Ukrainian specifics
of doing business. It also allows you to use the expert
knowledge of subject area and imposes no restric-
tions on the nature of incoming data, while providing
the ability to customize the model parameters in real
terms of activities of creditors and companies that do
not fulfil their obligations, taking into account the
data of the previous financial operations available
to banks.

Accordingly, the aim of this research is the develop-
ment of an economic and mathematical model of credit
analysis based on tools of fuzzy logic and detection of
the financial problems of Ukrainian companies at an
early stage. It will provide the management of banks
and other lending institutions with a tool, which could
justify adoption of effective solutions towards avoiding
unnecessary risk that will increase the stability and
balance of the economy as a whole.

The main material research. Stage 1. The selec-
tion of data. To analyse the creditworthiness of legal
entities, we offer to determine based on data (calcu-
lated economic factors) derived from the income state-
ment and balance sheet, whether a potential borrower
is bankrupt, or is it a stable company, to whom we can
give a credit.

To solve this problem, there were selected 49 real
financial statements of Ukraine, 25 of which are poten-
tial bankrupts, and 24 — enterprises, which have no
problems with the business.

For a detailed assessment of the financial condi-
tion of the company, we can calculate a large number
of basic financial indicators [11]. Later it was calcu-
lated the 60 basic financial indicators [14]. But such
an analysis is rather unwieldy and may contain dupli-

cation or redundant data, which instead of helping,
will only hinder to perform an adequate assessment of
creditworthiness.

So after calculating basic financial indicators, we
have selected the most informative of them to solve the
current task.

Indicators of share capital were rejected because
they are not necessary to solve the problem.

The selection took place in two stages:

1) Selection of parameters by graphical methods in
terms of information content;

2) Among the selected indicators, we calculate the
correlation dependence between all pairs of indices to
eliminate duplication.

At first, just build schedules for each factor that
will contain all 49 indicators of enterprises. Those that
will show more or less clear boundary between stable
and bankrupt enterprises will be selected to build the
economic and mathematical models. For example, we
select current assets turnover ratio, which is shown
in Fig. 1:

Conditionally, we divide the picture into 4 zones.
Before light vertical line (Zones 1 and 3), there is data
of bankrupt enterprises after that (Zones 2 and 4) —
stable. For the current assets turnover ratio, we set
limit value 1.2. (In Fig. 1, we can see that the most
concentrated area of enterprises-bankrupts is at Zone
3, and at Zone 1, there is very small amount of them.
Thus, this value will be considered exceptional for this
situation. And vice versa — at Zone 2, there are more
stable businesses and at Zone 4 — less). That is, all val-
ues below 1.2 may indicate a possible bankruptecy, and
above 1.2 — the stable position of the company.

Not for all factors, we can clearly draw one horizon-
tal line that would show the division of companies into
two groups. Sometimes you need to split the plane not
into 4 but into 6 zones.

For example, for payables turnover ratio, there
is no one clear boundary between stable and bank-
rupt enterprises. In Fig. 2, we can see that at Zones
3 and 5 much more points of bankrupt enterprises are
focused than at Zone 1. Moreover, at Zone 5, there are
more enterprises than at Zone 3. And vice versa — at
Zone 2 more stable companies are concentrated than
at Zone 4. And at Zone 6, there are only a few. So, for
this factor, we have the following situation: at Zones
5-6, bankrupt enterprises are situated, at Zones 3-4 we
have average values, and at Zones

1-2, there are stable enterprises. The
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value below 0.8 indicates a probable
bankruptecy, values between 0.8 and
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2.2 points to the uncertain status,
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and above 2.2 — the stable position of
the company.
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All inaccuracies of classification
of enterprises in terms of one indica-

tor should be eliminated as a result of
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the economic and mathematical mod-
els that will implement the result-
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ing index calculation based on many
financial ratios simultaneously.
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As a result of the graphical analy-
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sis, 13 most informative factors were
selected. But this amount of data is
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quite excessive for the analysis.

So, let us go to the second stage of
selection.

For the selected coefficients, we

[

Fig. 1. Data of turnover ratio of current assets

calculated the correlation dependence
(pairwise each coefficient of each).
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Among the group of indicators with 5
a close dependence, the only one was
chosen — on the basis of the first 45
stage. This means that if two or more
indices have close relationship — we 4
looked at informativeness of each of 35
their charts. For which coefficient the '
boundary between enterprises bank- 3
rupt and stable company was expressed
in the best way — that coefficient we 2,5
have included. 2
As a result of the analysis, seven
coefficients were selected. It will be 1,5
used as a basis economic and math-
ematical model and related to deci- 1
sion-making support system for pro-
viding or not providing a loan to 0,5
borrower — legal entity. For the con- o -
venience, the selected indicators are
summarized in Table 1.
Stage 2. The formation of linguis-
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tic variables. To build models based on
fuzzy logic, let us use three linguistic
terms for each variable, for which we
can distinguish three more or less clear zones of possi-
ble values for the available statistics. For these indices,
we form a single scale with three qualitative terms:
L — low, M — medium level, H — high indicator. If the
actual value of the input parameter wisely to group in
two classes with one line of separation between them,
its linguistic assessment is carried out by two terms:
L — low and H — high indicator.

In the result of analysis of available statistical base,
the area of possible values of coefficient of payables
turnover X, was decided to divide into three levels.
It was decided to put the value between the terms L
and M = 0.8 and between the terms M and H = 2.2.
For the current assets turnover ratio X,, there were
found two quite separate areas, the boundary between
which was estimated at 1.5. For equity turnover ratio
X; and financial risk X, limits were set at 0.6 and
1.7 for X;and 0.6 and 1.95 for X, respectively. For
the concentration of involved capital X, — at 0.8 and
1.6. the coefficient of providing debt by X has limits
0.18 and 0.55, and the payback of assets X is divided
into two subsets with the level of separation between
them at 1.2.

Moreover, belonging the indicator to one of pre-
scribed for it zones in a certain way indicates the level
of the financial condition of the company.

To evaluate the value of output linguistic variable Z,
which indicates the level of creditworthiness of the bor-
rower, we will use terms: L. — which characterizes high
risk of bankruptcy and, therefore, a low credit standing
(in his appearance, a decision is not to issue a loan); H —
which indicates high creditworthiness of the borrower
and indicates the advisability of issuing credit.

Fig. 2. Data of accounts payable turnover ratio

Stage 3. Construction of the membership func-
tions. Unclear descriptions of the structure of the
method of financial and economic analysis occur
due to the uncertainty of the expert that arises in
the classification of various kinds, such as when an
expert can distinguish clearly between medium and
high values of some parameters. In this case, it is
necessary to build membership functions of fuzzy
terms as the input and output variables to be able
to perform an adequate classification of levels of all
indicators.

The Gauss function is applied for the model mem-
bership function formation. The main advantages of
this function are as follows: (i) simplicity (as soon as
only two parameters determine its form), (ii) conve-
nience of these parameters settings, because the func-
tional derivative is enough simple. Furthermore, this
function does not come down directly to zero being only
zero asymptotically approximate. It possesses addi-
tional advantages in the resulting index values calcula-
tions of the models in fuzzy logics [9].

The Table 1 data are used for the membership func-
tions of all initial variables construction. Hence, the
payables convertibility coefficient membership func-
tions to the three linguistic terms (L — low, M — mid-
dle, H — high) will take the form given in Fig. 3.
The membership functions of all other variables are
obtained similarly. The resulting variable is presented
by two terms L and H with the centres of the member-
ship functions in the points 0 and 1, which intersect at
the level 0,5.

Stage 4. The set of rules formulation. The expert
system based on fuzzy knowledge should contain the
decision-making procedure, giving the possibility to

Table 1

Indexes of assessment of creditworthiness

Index Coefficient The values Which indicate Indefinite condition The valueg \.vvhich indicate the
the potential bankrupt stable condition of the borrower

X, |Payables turnover ratio Below 0,8 0,8-2,2 Above 2,2

X, |Turnover of current assets Below 1,5 - 1,5 and above

X, |Equity turnover Below 0,6 0,6-1,7 Above 1,7

X, |Financial risk Below 0,6 0,6-1,95 Above 1,95

X, |Concentration of involved capital | Above 1,6 0,8-1,6 Below 0,5

X, |Providing debt by equity Below 0,18 0,18-0,55 Above 0,55

X, |Payback of assets Above 1,2 - 1,2 and below
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come to a conclusion on the borrower creditworthiness
level. For example, the enterprise has a high level of
bankruptcy danger and, therefore, the low creditwor-
thiness (Z = “L”) if its coefficients (of payables con-
vertibility, of convertible assets reversibility, of own
capital convertibility, of financial risk and covering
of debts by own capital) are given by low values (can
be interpreted by the term “L”), not a matter of fact
that coefficients of applied capital concentration and
assets payback are high (associated with the term “H”).
Such a combination of financial coefficients values that
characterize the low creditworthiness of businesses is
given in the first row of the corresponding database,
which is presented in Table 2. Other rules of the enter-
prises’ creditworthiness expertise, which are collected
in Table 2, are formulated similarly.

The analytical form of decision-making rules pre-
sentation from Table 2 in terms of membership func-
tions and weight coefficients, corresponding to the low
risk of bankruptcy and, therefore, high creditworthi-
ness of businesses H, is given by:

v (X))

where u% (X,....,Xy) is the function of belonging of
initial variables X;, i=1,N, to the j value of initial
variable Z (a linguistic term from the set d; e {L, H});
N — amount of initial factors (in this problem N = 7);
u“ (X;) — the membership function of initial vari-

able X, for the linguistic term «”, j=Lm, i=1N,
p=Lk w,‘f’ — weight of p rule among rules, which cor-
respond to d; term of output variable;

m — amount of values of output variable Z (in this
problem m=2);

k; — amount of rules in the knowledge base, which
corresponds to j term of output variable Z (in this prob-
lem &, = k, = 3).

Stage 5. Model optimization for the real data. It is
useful to hold a tuning of the model using the data of
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bankrupted companies and financial stable enterprises
before making the company financial condition exper-
tise. In order to hold the optimization of the model,
the mistake back propagation algorithm, being adapted
for the models based on fuzzy logic or genetic algo-
rithms [13], should be used. In principle, a tuning of
an economic and mathematical model is not necessary
because the model can give the solutions for arbitrary
controlled parameters and their values if the basis
rules are given. Nevertheless, the quality of the logical
conclusion of the model can be improved essentially if a
tuning of the model’s parameters on the basis of exist-
ing statistical materials is carried out.

For the statistical materials, the data of already
bankrupted companies and financial stable enterprises
are used. The analysis of already bankrupted compa-
nies’ data is carried out in different time intervals
before bankruptecy. The reason is in companies’ insol-
vency symptoms, which start a long time before the
real financial problems and bankruptcy. The sooner
the possibility to recognize the danger will appear, the
more chances will have the credit organization to avoid
unnecessary losses due to loan default.

Stage 6. Decision making. The final decision for the
model is chosen in the form, where the membership
function of the output variable Z has a maximum for
the given values of controlled parameters X,, i=1,N :

Z=argrl13%[p”’ (Xl,...,XN)}. (2)

As soon as the values of the membership functions
of the output variable according to any rule are calcu-
lated as the product of the membership functions of all
initial variable and the operation of the output maxi-
mization among all rules is used to determine the term

) Figure 1

Desktop  window  Help E

File Edit ‘Wiew Insert Tools

of resulting indicator Z, then the output variable of
the model is calculated in general form according to

the formula: .
— d; al’
2o, o T (0}

sm

3

After the construction of the model and its tuning,
the model can be used for the creditworthiness assess-
ment of the company Z on the basis of the indicators
X, i=LN.

The result of such a model application is not only
the linguistic description of the bankruptcy risk but
also the degree of confidence in the correctness of clas-
sification, which is determined by the resulting vari-
able phase cut operation. Therefore, the conclusion
about the bankruptcy risk degree of the company takes
not only the linguistic form but the quality character-
istic of the found assertions as well.

The constructed model is realized in Matlab
medium. As the result of modelling experiments, car-
rying out the accuracy of the bankruptcies predictions
among the financially unable companies is found as
89%, the accuracy of the classification of the finan-
cially stable companies is equal to 68%, which gives
77,8% about all group of enterprises under consider-
ation, see Fig. 4.

In the carried out experiments, the parameters of
the system are optimized, the base of decisive rules is
clarified, on the basis of selected indicators, the pos-
sibility of effective fussy model construction is con-
firmed. As it is shown in Fig. 3 before the system
tuning, nearly each second company was diagnosed as
stable among the possible bankrupt, since after tuning
only one bankrupt from 25 was considered as a stable
one. Moreover, 7 stable companies were diagnosed by
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Fig. 4. The result of the modelling in Matlab medium (line 1 is the real values
of the resulting indicator for the analysed companies; line 2 is the result
of modelling to the model’s tuning; line 3 is the result of modelling
after model’s parameters optimization in the real data)
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the model as potential bankrupts, not a matter of fact
that before the optimization their number was 6.

Note that it is possible to regulate the suspicious-
ness of the model from the fussy logics. However, with
a decrease of alpha-error of classification (definition
of bankrupt enterprises as a potential financial stable
company) the beta-error simultaneously is increased
(stable company diagnostic as a potential bankrupt).
Moreover, the low value of alpha-error of classifica-
tion may be considered as a positive characteristic of
the model’s work results, even not taking into account
enough big beta-error. It indicates the possibility of
profit shortfall from some false-classified stable com-
panies. Nevertheless, the creditor has a possibility to
obtain the same profit from other deposits (even from
other credit correctly identified stable enterprises).
Furthermore, the creditor does not suffer significant
losses from potential bankruptcy loan (the modelling
with the real data shows that only every 25th credit
may suffer no return).

Conclusions. The constructed economic and math-
ematical model based on fuzzy logic shows the suf-
ficiently high precision of diagnostics of the bank-
ruptcy of native enterprises and may be used as an
effective method to identify risky borrowers, which
enable to minimize the risk of loan defaults and to
improve as a result the stability of the financial sys-
tem in general.

The model may be applied in commercial banks with
the goal to assess the creditworthiness of borrowers,
legal entities, as well as the main program or useful
supplement to the existing programs, which the com-
mercial banks of Ukraine are guided by when making
decisions on granting loans to legal entities.
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