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Abstract

The aim of the study is to establish insolvency forecast model with the usage of
different statistical methods and compare their efficiency. Besides this the relation
and direction between indebtedness and financial distress is also part of the
examination. With different approaches we nearly reached the same efficiency, the
main focus was on the independent testing sample where we did not apply any
modification on the dataset supposing realistic circumstances for predicting the
probability of default. The research is focusing on small companies, since their
number in the economy is considered high, but for this segment such insolvency
forecasts are very rare.
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Infroduction

The examination of corporate insolvency already has a long history and the
development of the technology and the forecasting models always open new
perspectives for the researchers. Nowadays this issue mainly affects the banking
industry since the loan placements are considered as their main activity however it
would be a mistake to shorten the examination only for this segment since all those
areas might be interesting where the delayed payment used as the most common
payment method. In all cases where the delivery was not followed immediately by
the payment, there we have to count with the insolvency risk which reduction is a
key factor in preserving the liquidity, in extreme cases in the survival of the company.
In most of the cases for the reliable forecasting the data is not available or it would
be against the interest of the managers to make it public. But one part of this
information is available from public sources thanks for the different legislations and
supervisory bodies. These are the financial statements of the companies and this
data makes us capable to search for relations between the behaviour of financial
ratios and corporate insolvency.

There have been number of studies in this field of research, starting with Beaver
(1966) who used univariate model for examining 79 solvent and 79 insolvent
companies. The legal entity was considered insolvent when it was in bankruptcy, the
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balance of the bank account turned into negative or it could not fill the obligation
of bond or dividend payments. The ratios for the forecasting model were calculated
from the financial statements of the companies and the cash flow/total assets
proved to be the most effective. However this method was not viable due the
complexity of the problem but it pointed out the usability of financial ratios which
gave new incentives for the further researches. Altlman (1968) was the first who used
discriminant analysis for identifying the risky companies. In his model he managed to
identify with 99 percent accuracy the insolvent company using a sample with 66
elements. The logistic regression was used by Ohlson (1980) first with the same
proportion of the insolvent companies in the sample like in the population. The
neural networks appeared in the study of Odom and Shrada (1990) and found it at
least as effective like the discriminant analysis. In Hungary the first predictive model
was developed by Virdg and Hajdu (1996) using discriminant analysis and logistic
regression on a sample of 156 companies, considers data from the period 1990 to
1991. Arutyunjan (2004) tested both models on agricultural companies and found
the latter more effective. Fazekas (2005) in her dissertation tested the main
forecasting models extended with the COCO model based on a sample on a five
year period from 2000 to 2005.

Methodology and Data Collection

For the current study we used the Orbis database of Bureau van Dijk, where the data
of more than 170 million companies is available most of them with updated financial
statements. During the selection we made two groups where in the first the main
criteria were the active status and availability of the financial statements from 2013.
In the second the financials were also set as a necessary criteria but the status had
to be bankruptcy or insolvency proceedings where the status date is between the 1
of January and the 315t of December 2014. At the beginning the sample size was
2400 entities than we excluded all of those companies where the turnover did not
reach the 5 million HUF or did not have any employees. In such cases we cannot
speak about real business activity that's why they should not take part of the
analysis. Because of this, the number of active companies was more than the
insolvents so we sorted the |latter group in alphabetical order than excluded so many
companies to have the same group size. Since the company name does not have
any effect on the financial ratios than we found this method applicable for the
random selection. The next phase was selecting the companies which had a
turnover less than 50 Million HUF since the model examines only the micro enterprises.
Than the final sample contained 1534 companies which contained the same
amount of solvent and insolvent companies. For building the model we used the
adjusted values of the variables the value set in many cases can be -, or +co and it
would make the interpretation more difficult. That's why we used the 5™ and 95"
percentiles as minimum and maximum values. Those ratios were excluded where
both the numerator and denominator can have a negative value which would lead
to misunderstandings.

Results

One of the used methods was the binary logistic regression since the observed
events can only have two status, O=solvent, 1=insolvent. The independent variables
can contain constant and nominal data, to the probability of the occurrence of the
event the logistic regression gives estimation. The big advantage of the approach
against the classification methods that the here the normal distribution of the
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variables is not an obligation, additionally the regression coefficients can be
explained as probabilities. The odds namely probability is the ratio of the solvency
and insolvency which natural logarithm is the linear function of the independent
variables.

INn(odds)=Ro+R1X1...RxXk

The probability of default (P=1) is the following:
P=odds/(1+odds), where odds=exp(Bot+p1X1...RxXk).
P=exp(Bot+B1X1...RXk)/ ((1+ exp(Bot+P1Xi...PxXk))

Where the probability of default can be in this format:

P=1/(1 +exp—( 50+61X1...[’>ka)

In order to presuppose non-monotonic ceteris paribus relationships not using any
kind of premises, it worth pursuing an explorative modelling. In this context the
explorative modelling is the capability that the function fitting can take rational
formations between Xi and Y so the ceteris paribus relations could freely build
polynomial figures....without external intervention of human experts.

One of the applied non-liner method in the credit management are the artificial
neural networks. They provide an alternative to discriminant analysis and linear
regression mostly in those cases where the variables show non-linear behaviour. The
main critics against NN are the long training process and the risk of overlearning. The
input layers are the financial ratios where the inputs are being selected and
distribute the result to the next level neurons (Pacelli, Azzollini [2011]). Then they
forward the information to the middle layer’'s neurons. The output in this case is
binary, because the companies have only two statuses, solvent or insolvent.

One of the similarity analyses (COCO'-MCM)has such kind of modelling
characteristics which point is: We rank all Xi sets in a separate way based on the
more (is the raw value of an attribute) the less (is the ranking value) principle, where
the objects are the companies. The ranking values will be used as a kind of input for
a stair case function, where the stair levels will be derived in frame of a (non-) linear
programming as substitution values of the ranks. The objective function for the (n)LP
is the minimizing of the difference between estimations and insolvency codes. The
estimation can be produced in an additive way based on the adequate substitution
values of attributes pro object.

If we do not apply additional restrictions in the model related to the evolution of
the steps, then the result wil be such staircase function which contains
exchange/substitution value at some particular steps but at others not necessarily.
The exchange/substitution value can be considered as a basic rule which states if
the input size which determines the given step of the given Xi is valid than for the
development of the conclusion a given quantity of part impact was detected,
where the resultant of the part impact is the final conclusion2.

1 coco = component-based object comparison for objectivity
2 http://miau.gau.hu/myx-free/
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The Xi specific result of the explorative modelling is a conjecture or suspicion
which express how could the effect of the presumptively average ceteris paribus of
the Xi and Y relation, which should be also known that can be any kind depending
on the general conditions (f.e. in case of good market growth potentials the effect
of the capital subventions can boost the expected turnover of the company
however in another case, where the market is not interested new products to
absorb, a capital subvention can generate irrational internal processes in a
company (e.g. developing and launching new productstoo fast - with the negative
result of falling turnover.

Figure 1
Impact of shareholders funds/total assets ratio described in 9 stairs (X) to the
solvency (Y) measured with fitting scores
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Source: Orbis

Chart x: example for the suspicion generated by the explorative modelling in case of
the shareholders funds/total assets ratio, where instead of the monotone interaction
an optfimum can be supposed which was formulated between the generated
categories (9 pieces with homogenous ratios) on the X axis and the probability of the
insolvency evasion (Y). With other words: the low shareholders funds ratio is just as
risky as the too high shareholders funds in relation to the total assets. The too low ratio
was confirmed by 5/9 of many observations, while the risk of the too high ratio was
only confirmed by 2/9 of the observations.

The next question related to the logistic regression is the possibility of the modelling
of the insolvency on a non-numeric way so/it means: using rulesets. l.e. within the
non-categorical variables can such limits detected where the behaviour of the
object is different (suitable for forecasting). If these rules exist then they can be
detected with pivot wizards where in the rows stays the Xi ascending set of values
while in the columns the existence of insolvency. If we count by rows the proportion
of the insolvency considering the values of the previous rows we will get the following
figures:
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Figure 2
LN Turnover, Y: cumulated insolvency risk and X: liquidity quick ratio, Y. cumulated
insolvency risk
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Figure 3
X: year of foundation, Y: cumulated insolvency risk and X: shareholders funds/total
assets ratio, Y: cumulated insolvency risk
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As shown, the basic graphs of the rule setup are given and these graphs can have a
completely different runoff. The direction of the graphs express of the ceteris paribus
logic of the formations between the Xi and Y: the higher is the turnover the lower is
the probability of default and the elder is a company the lower is the probability of
default etc. The relation between the liquidity quick ratio and the shareholders
funds/total assets in this context seems to be more complex as well.

If somebody gives a limit related to the discovered relations (e.g. rules cannot be
built under the threshold of 80% for the contingence coefficient), then only the
following layers have to be examined: the rule is valid for all learning objects or if for
one learning object more rules are valid then are they have the same direction
regarding the consequences if not what kind of aggregation procedures can
provide rational consequences. The WIZWHY? software is able to perform on an
automated way the above mentioned procedures. The staircase functions explored
in the frame of the optimization are also describing a kind of rule system which

3 http://miau.gau.hu/miau2009/index.php3ex=e08&string=wizwhy
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fransform into hybrid expert systems since they lead to the conclusions not only on
the way of logic but through the way of numeric aggregation of the partial results.

Considering the goodness of the logistic regression model it worth comparing it
with other modelling logics in order to be able to confrol the overlearning
phenomenon between the learning and testing and make the further steps on the
way of model type optimization4.

The examined modelling procedures were the following:
Logistic regression

Neural Networks

Wizwhy

COCO mcm

COCOstd

Table 1

Results of the examined models

input scale unlimited |unlimited |1--4 1--4 1--4 1--4 1--4 1--4 1--9 1--3

input variables 49 35|31+1 3141 3141 3141 3141 3141 31+1 8+1

% R NN Ww Www Ww wWw Ww WW-Hybrid |COCO_MCM|COCO_Y0
Learning samples (pc) 1534 81| 1000 1000 200 200 200 200 200 200
Insolvent companies (50%) 90 9% 95 95 na. 81 83
Solvent companies (50%) 91 9 9 9 n.a. 100 89
Total 91 92 94 94 97 97 88 93 90 88,5
Test samples (pc) 3181 3181 534 3181 1334 3181 3181 3181 1334 1334
Insolvent companies 81 68 84 85 56 80 80 65 64,6
Solvent companies 69 78 91 58 74 50 74 88 91,5
Total 74 77 88 68 75 67 61 76 76 78,0
All records 80 80 92 74 78 69 63 77 78 794

Source: Orbis

Conclusion

The motivation of the study was to examine the relation between the insolvency and
the financial ratios and then establish a predictive model which can give significant
help for credit decisions in case of micro enterprises. During the history of insolvency
prediction there was no consequence within the researchers regarding the financial
ratios which can provide to most reliable result. The question remained open and we
did not try to define a methodological unified system of criteria. That why the study
stays at comparative level, using a significant dataset, number of different
approaches were compared in order to see the validity of predictive models for
those companies where the company size and the long term operation as
presumably determinant factors are missing.

The hybridization has to be considered as a model making possibility and it is able o
forecast the insolvency with high probability. The demand for information can be

4 http://miau.gau.hu/miau2009/index.php32x=e0&string=occam
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decreased in the learning phase without deteriorating the testing results. So the
problem of prediction of insolvency has to be handled on a segmented way, the
numeric approach with the interaction of all variables seems to be less applicable.
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