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This paper analyses the possibilities of prediction of
the enterprise bankruptcy, applying neural network. The
prediction results of the failed enterprises are compared
to the prediction results of the profitable enterprises. In
this way we can see the peculiarities and reliability of
neural network usage for the bankruptcy diagnosis.

Lithuanian enterprises work in different conditions
than other foreign enterprises, but all introduced mod-
els were based only on foreign enterprises, so their ap-
plicability for the diagnostics of bankruptcy remains
disputable. Estimations of enterprises for the bank-
ruptcy in definite time, calculated from “Z” scores of
different authors, are different so they have to be ana-
lysed taking into account of their changing tendencies.

This article discuses the application of neural net-
works to analyse the possibility of enterprise bank-
ruptcy. The classification of neural networks, estima-
tion of the number of hidden layers and their size, the
methods of training are described in special scientific
literature.

Perceptrone neural network was constructed of 3
layers. To train it the backpropagation method was
used. The algorithms of training and the programmes to
implement them require a lot of samples of enterprises —
over ten times more than inputs of the enterprise state.
To train the network following indicators were used: the
indicator of net profitability of assets, coefficient of
short-term solvency; debt ratio; ratio of short-term li-
quidity of the years 1998-2001. The authors had data of
13 enterprises, so they increased the number by includ-
ing the same enterprises in the list several times. In this
way 284 enterprises were obtained: 161 failed and 123
profitable.

By training various networks with different inputs it
was researched what indicators of the enterprise were
the best to forecast the bankruptcy. Therefore the neural
network was trained in the optimisation mode. The pro-
gramme used different combinations of inputs and
checked 408 different versions of the neural networks.
As a result, all the used inputs could forecast bank-
ruptcy, except the profitability of assets of the year 2000
and the short-term liquidity ratio of the year 1998.

According to the small amount of enterprises (8
profitable and 5 insolvent) and their 4 financial ratios
used to train the neural network, the percentage of the
right diagnosis is 84. But when increased the number of
enterprises to 284 (written the same enterprises a few
times in the same list), the results of right diagnosis
rose to 92 per cents. It is good result of the method of
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the neural network prognosis. The research is being
continued.

Keywords:  bankruptcy diagnosis, financial indicators of
enterprise, neural networks.
Preface
Unfavourable business environment, unexpected

and unfavourable events, the risky decisions of enter-
prise managers for short or for long periods may make
enterprise insolvent and lead it towards bankruptcy. The
number of insolvent enterprises has been rising in resent
years. About 50 enterprises become insolvent every
month. The process of bankruptcy is being executed in
more than 1200 enterprises (Bankrutavusiu imoniu sta-
tistika, 2004).

International institutions such as European Commis-
sion, The European Bank for Reconstruction and Devel-
opment, World Trade Organisation note the low com-
petitive ability of Lithuanian enterprises and ask to
quicken the bankruptcy process of insolvent enterprises
and to liquidate them. New system is starting in Lithua-
nia to help prospectless enterprises quickly leave the
market or to help renew enterprises which have tempo-
ral difficulties: Department of Bankruptcy Management
has been founded at the Ministry of Economy; The New
Bankruptcy Law and The Law of Reorganization and
Foundation are adopted. However the efficiency of the
system depends on the bankruptcy prevention of par-
ticular enterprise as well as analysis of economical —
financial state, risk diagnosis and estimation.

To describe the economic-financial state of the en-
terprise one can use a lot of (up to 100) indicators from
financial statements (balance, profit — loss, money
flow, etc.). Financial analysts considered the character-
istics of Lithuanian financial accountability and sug-
gested to use four main groups of indicators: profit-
ability (there are about 12 indicators of it), short-term
and long-term solvency (there are about 18 of it), effi-
ciency of activity (about 36) and capital market (about
15) (Mackevicius et al, 1999). But to use them all for
bankruptcy diagnosis is too complicated and not pur-
poseful. Indicators, which help to diagnose the state of
enterprise, must describe all kinds of enterprise per-
formance, all kinds of usage of enterprise resources,
and contain only the main but not all possible indica-
tors (Sakalas et al, 2003). The main feature of bank-
ruptcy according to Russian analysts (Kuroseva, 2002;
Ripol-Saragosi, 2002) is the ratio of debts and assets



of enterprise based on the market prices. However they
don’t reject to use other relative indicators to estimate
the possibility of bankruptcy.

The search of complex indicator or their set to esti-
mate the possibility of enterprise bankruptcy was started
in the 20th century and it hasn’t been finished yet (Am-
ershi, 2000; Gibson, 1987). From methodological side
W.Beaver’s research (Beaver, 1966) was particularly
valuable, and based on the comparative analysis of indi-
cators of profitable and insolvent enterprises. Later
E.Altman, E.B. Deakin, G. Forster, A.Kovaliov,
T.Poddig and other researchers (Altman, 1968; Deakin,
1972; Forster, 1978; Kovaliov, 1994; Poddig, 1995)
used methods of discriminant functions. Hovewer these
models don’t estimate dynamically financial state of
enterprise, i.e. its change tendency. Estimation of the
possibility of enterprise bankruptcy still remains very
actual problem (Crames, 2003; Maksimovic, 1998;
Newton; 2003, Rutkauskas, 2001; TvaronaviCiené,
2001; Barniv et al, 2002; Rose-Green et al, 2002; Parker

et al, 2002; Kuruppu et al, 2003).

The authors of this article used the neural network
to analyse the possibility of enterprise bankruptcy. Neu-
ral networks are widely used in different fields of sci-
ence and practice (Bishop, 1996; Navakauskas, 2000;
Simpson, 1990; Apanavic¢iené ir kt., 2003). They are
used to model complicated non-linear phenomena, when
analytic and regression expressions are unknown. In
economics neural networks are used by credit compa-
nies for fraud detection, to forecast the rate of stocks, to
optimise market nets, to model international economical
competition, to identify insolvent enterprises, to forecast
inflation (Calderon, 2002; Buscema, 2000; Larkin,
1999; MclIntyre-Bhatty, 2000). Some research are
known to apply neural network to identify failed enter-
prises (Poddig, 1995; Pompe, 1997; Yang, 1999).

But the application of neural networks is limited by
the number of enterprises, which must be considerably
higher than the number of the indicators, which estimate
the state of enterprise.

Table 1
Characteristic Indicators of Enterprise Financial State
Year
Index of Financial State Enterprise State and Name 1997 1998 1999 2000 2001
Net Profitability of Assets Profitable:
JSC , Kalnapilis” 0,41 0,51 0,45 0,53 0,52
JSC ,,Panevezio statybos trestas” 0,00 0,00 0,00 0,00 0,00
JSC ,,Vabalas” 0,18 0,29 0,52 0,51 0,59
Failed:
JSC ,,Panevezio baldai” 0,00 0,00 0,00 -0,02 -0,49
JSC ,,Austata” 0,00 0,00 -0,16 -0,57 0,44
JSC ,,Biofarma” -1,85 -2,15 -2,23 -2,70 -3,08
Short-Term Solvency ratio Profitable:
JSC , Kalnapilis” 0,97 1,38 0,78 4,03 7,46
JSC ,,Panevezio statybos trestas” 2,24 0,18 1,79 1,77 14,9
JSC ,,Vabalas” 1,41 2,90 10,4 5,68 16,2
Failed
JSC ,,Panevezio baldai” 1,93 1,51 1,44 0,92 0,92
JSC ,,Austata” 2,49 2,02 1,04 0,47 0,18
JSC , Biofarma” 0,25 0,16 0,19 0,09 0,08
Debt Ratio Profitable:
JSC , Kalnapilis” 0,27 0,14 0,21 0,06 0,05
JSC ,,Panevezio statybos trestas” 0,25 3,17 0,03 0,34 0,04
JSC ,,Vabalas” 0,60 0,29 0,08 0,14 0,25
Failed
JSC ,,Panevezio baldai” 0,36 0,47 0,58 0,62 0,68
JSC ,,Austata” 0,29 0,32 0,53 1,03 0,54
JSC , Biofarma” 1,56 1,74 1,79 2,10 2,46
Short-term Liquidity Ratio Profitable:
JSC ,,Kalnapilis” 0,43 0,46 0,18 2,36 5,34
JSC ,,Panevezio statybos trestas” 1,49 -0,20 1,59 1,46 13,3
JSC ,,Vabalas” 0,89 2,05 6,67 3,86 8,07
Failed:
JSC ,,Panevezio baldai” 1,07 0,90 0,79 0,43 0,61
JSC ,,Austata” 1,84 1,63 0,85 0,35 0,08
JSC ,,Biofarma” -0,39 0,02 0,08 0,07 0,07

The aim of the paper — to evaluate the applicability
of neural network usage for the diagnostics of enterprise
bankruptcy based on data of financial state indicators of
few failed and profitable enterprises.
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The object — the applicability and reliability of neu-
ral network usage for bankruptcy prediction.

The method — comparative analysis of enterprise
financial state based on relative indicators, prognosis of



bankruptcy possibility and estimation of it developing
and applying a neural network and well-known dis-
criminant models.

Financial data of 5 failed and 8 profitable enter-
prises during 5 years were used for this research.

Indetermination of enterprise financial state,
estimated with relative indicators

The limitation of relative indicators is described in
literature, especially estimating enterprises, which have
various kind of business and their accounting is differ-
ent from others, indicator values are too big or too small
or their performance is seasonal (Obi, 1998). The prob-
lem is that the indicators estimating the financial state
of the same enterprise sometimes are very different in
different periods of time. However, some relative indi-
cators of failed companies are sometimes similar to the
indicators of profitable enterprises or even better.

For example, from the enterprise indicators shown

in Table 1 we could see that net profitability of assets of
the profitable JSC “PanevéZio statybos trestas” are the
same in some years as of the failed JSC “Panevézio bal-
dai” or JSC “Austata”. Their short-term solvency ratio,
debt ratio and short-term liquidity ratio of the definite
time were sometimes even better than the same ratios of
profitable enterprises.

No doubt that using one integrated indicator would
make it easier to estimate enterprise state. In this case
“Z score” in fact is discriminant function, has advan-
tages compared with others.

Applying results of discriminant models to es-
timate possibility of bankruptcy

As an example here is given application of an inte-
grated “Z score” to estimate the possibility of enterprise
bankruptcy (Table 2) according to following discrimi-
nant models of the below mentioned well-known foreign
authors:

Table 2
Results of Enterprise State Estimation According to Discriminant Models of Different Authors
Model Enterprise legc907r ¢ Pl;);;ﬂ;ﬂggcgf Z score 2001 Pl;);;ﬂ;ﬂggcgf
Profitable enterprises
Kalnapilis 3,26 Very low 5,71 Very low
Altman’s PanevéZio statybos trestas 37,3 Very low 9,27 Very low
Vabalas 2,52 High 2,72 Low
Kalnapilis 1,97 Low 4,43 Low
Taffler and Tisshaw’s | Panevézio statybos trestas 8,78 Low 4,87 Low
Vabalas -1,66 Very high 6,82 Very low
Kalnapilis 1,25 Low 1,22 Low
Springate Panevézio statybos trestas 0,95 Low 0,93 Low
Vabalas 1,03 Low 1,05 Low
Insolvent enterprises
PanevéZio baldai 0,48 Very high 0,31 Very high
Altman’s Austata 2,27 High 0,82 Very high
Biofarma -0,26 Very high -11,78 Very high
Panevézio baldai -1,64 Very high -1,37 Very high
Taffler and Tisshaw’s | Austata -0,45 Very high 0,22 High
Biofarma -4,26 Very high -1,08 Very high
Panevézio baldai 0,95 Low 0,75 Very high
Springate Austata 0,62 Very high 0,55 Very high
Biofarma 0,76 Very high 0,52 Very high
Altman (Altman, 1968) K, — working capital/ amount of liability;
7=1.2A+1.4B+3.3C+0.6D+0.999E ) K; - short-term liability/ assets;
K, — sales/ assets.
where A — capital/ assets; When Z > 0.3, the possibility of bankruptcy is low.
B - inappropriate balance/ assets;
C - profit before taxes/ assets; . .
D - stock value in the market/ liability; Springate (Springate, 1978)
E - sales/ assets. Z=1,03A+3,07B+0,66C+0,4D, 3)
When Z < 2.68, bankruptcy is possible. ]
where A — capital/ assets;
Taffler and Tisshaw (Taffler, 1977) B - profit before taxes/ assets;
C - profit before taxes/ liability;
7=0.53K1+0.13K2+0,18K3+0,16K4, 2) D — sales/ assets.
where K; — revenue/ short-term liability When Z < 0.862, bankruptcy is possible.
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Lithuanian enterprises work in different conditions
than other foreign enterprises, but all introduced models
were based only on foreign enterprises, so their accept-
ability for the diagnostics of bankruptcy remains disput-
able. Estimations of profitable enterprises (Table 2) for
the bankruptcy in definite time, calculated from “Z”
scores of different authors, are different. The estima-
tions of bankruptcy possibility become equal only when
enterprises are close to bankruptcy. So various indica-
tors have to be analysed from the point of their changing
tendencies.

Modern up-to-date changes in business environment
often result in a non-linear change in the financial state
of the enterprise that cannot be always modelled by lin-
ear discriminating models. The modeling, prognostic
and other problems of non-linear dependences might be
solved using the neural networks.

Theoretical Conception of Neuron and Neural
Network Models

The mathematical model of single neuron is analo-
gous to biological neuron. The neuron model (Osovskii,
2002) connects independent inputs (incoming signals)
Xo, X1, ..., X, with output (outgoing signal) Y (Fig.1).

Firstly the weighted sum of independent inputs is
calculated:

=X w; X; 4)

And from this sum the outgoing signal Y= f(]) is re-
ceived with a special activation function f(/). The func-
tion f(I) equals 1 when the weighted sum I exceeds
some step (activation) value /.

I=Zwi xi

=g Y= fll)

NS
I

W

Fig.1. Scheme of Neuron Model

One of the simplest activation functions is:

LiflI>1,

0,if 1<, ©)

Y=f(I)= {

However the function (5) isn’t continuous, so other
activation functions of better smoothness are used.
Weights w; and activation step I, are chosen when train-
ing the neural network.

The neural network is made of these interconnected
neurons (units) (Fig.2). This net is used to solve the
problems of modelling non-linear dependencies, classi-
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fication, prognosis, etc.

Inputs and input
‘ ‘ Iayer

* 6 %

One or several
hidden layers

Output layer and
outputs

Fig.2. Scheme of Neural Network

The classification of neural networks, estimation
number of hidden layers and their size, the methods of
training are described in special scientific literature
(Haykin, 1999; Osovskii, 2002; Artificial, 2004; Rojas,
1996).

Results of Diagnosis with Neural Network

There are a lot of programs modelling neural net-
works such as Matlab with its packages as well as free
programmes, for instance “Alyuda Forecaster”. This one
like others consists of two parts. The first part is add-on
to programme “Excel”, the second — standalone pro-
gramme. Neural network learns by means of appropri-
ately changing the internal connection weights w;. This
is called the weight adaptation and takes place during
so-called training phase, by using given input and out-
put values (Kruglov et al, 2002).

Perceptrone neural network (Kruglov et al, 2002)
was constructed of 3 layers. To train it the back propa-
gation method was used (Widrow, 1990). The algo-
rithms of training and the programmes to implement
them require a lot of samples of enterprises — over ten
times more than inputs of the enterprise state (Kruglov
et al, 2002). To train the network the following indica-
tors were used: the indicator of net profitability of as-
sets, coefficient of short-term solvency; debt ratio; ratio
of short-term liquidity of the years 1998-2001. The au-
thors had data of only 13 enterprises, so they increased
the number by including the same enterprises in the list
several times. In this way 284 enterprises were ob-
tained: 161 failed and 123 profitable.

To train the net we gave to the input the data of all
enterprises except one used for test of the forecast. This
procedure was repeated 13 times, because we had 13
enterprises. The net was trained in this way: the estima-
tion of profitable enterprise was set to 0, and failed en-
terprise — to 1.

Thus, the information (weights and activation steps)
saved in the net let us recognize failed enterprises from
profitable ones, i.e. identify enterprises in the aspect of
bankruptcy.

By training various networks with different inputs it



was researched what indicators of the enterprise were
the best to forecast the bankruptcy. Therefore the neural
network was trained in the optimisation mode. The pro-
gramme used different combinations of inputs, algo-
rithms and checked 408 different versions of the neural
networks. As a result, all the used inputs could forecast
bankruptcy, except the profitability of assets of the year
2000 and the short-term liquidity ratio of the year 1998
(Table 3).

non-defined values, and for one enterprise ‘“Vabalas”
was even given wrong forecast. It could be explained by
not only the algorithm features of neural network, but
by greater number of profitable enterprises (8) used to
train the net than failed enterprises (5). In this case the
number of right prognosis was 84 per cents. It is good
result of the method of the neural network prognosis.
The research is being continued.

Table 4
Table 3
Prognosis with Trained Neural Network
Estimation of the Indicator Importance
for Bankruptcy Forecast Estimation of o
Enterprise bankruptcy Estt{matlortl of
Index Year Used as input (A), factual | forecast orecas
not used (N) -JAgota‘ 0 -0,1 Right
o 1998 A ZArguva“ 1 1,4 Right
i:;izoﬁtablhty of ;333 g ,Austata‘ 1 1,1 Right
2001 A ,.Biofarma* 1 1,1 Right
1998 A ,.Dvarcioniu keramika“ 0 0,02 Right
Short-Term 1999 A Kaisiadoriu autobusu parkas 0 -0,03 Right
Solvency Ratio 2000 A “Panevezio baldai” 1 1,0 Right
2001 A Panevezio statybos trestas 0 0,32 Right
1998 A “Robis” 0 -0,02 Right
) 1999 A “Silas” 0 0,00 Right
Debt ratio 2000 A “Simas” 0 0,00 Right
2001 A “Tulpe” 1 3,6 Right
1998 N “Vabalas” 0 0,52 Non-defined
Short-term Liquidity 1999 A
Ratio 2000 A Conclusions:
2001 A

The trained neural network was used in this way:
data of enterprise, which was not used to train the neural
network, was input into the computer programme, mod-
elling the trained neural network. Thus, the neural net-
work worked on financial data of unknown enterprise
and gave the numerical bankruptcy estimation of this
enterprise.

Comparing the forecast with the factual state of the
enterprise one can estimate the reliability of the forecast
(when the result is 1— enterprise is failed, when 0 — not
failed) (Table 4).

We would like to draw attention, that the prognosis
of enterprise “Vabalas” is non-defined, because the neu-
ral network gave prognosis value 0.52 between 1 and O,
so we can’t define if it is failed or profitable. Also the
forecast of enterprise “Tulpe” is very different from 0 and
1, because its prognosis value is 3.6 times bigger than the
code (value 1) of bankruptcy. On the other hand this
value is bigger than the values (0) of profitable enter-
prises. Consequently this prognosis is right — the bank-
ruptcy estimation value is much higher than others, or at
least non-defined. The percentage of right forecasts is 92.

To compare these results, the other original list of
13 enterprises was used where we wrote each enterprise
once. In this case we had only 12 enterprises to train the
net. Checking the bankruptcy forecast for each enter-
prise, which wasn’t used to train the net, more mistakes
of bankruptcy forecast appeared, i.e. was received more
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1. Usage of complex model “Z score” computed on
the base of financial ratios for bankruptcy diag-
nosis is complicated. Applying it was obtained
only static rating of bankruptcy possibility. Be-
cause of it one should analyse the performance of
enterprise over a period of time.

. Training the neural network with 8 profitable en-
terprises and 5 failed enterprises using 4 financial
ratios of the years 1998-2001 for estimation of
their state was received that the number of right
prognosis was 84 per cents. When increased the
number of enterprises more than 20 times, the
percentage of right prognosis reached the number
92 per cents. This indicates that in both cases the
neural networks are effective tool to forecast
bankruptcy.
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Ojaras Purvinis, Povilas Sukys, Riita Virbickaité
Bankroto diagnostikos galimybés tyrimas taikant neurony tinklus
Santrauka

Nepalankiai pakitusi verslo aplinka, nenumatyti ir nepageidau-
jami jvykiai bei rizikingi jmonés vadovy sprendimai trumpesniam ar
ilgesniam laikotarpiui gali sudaryti nemokios jmonés buklg bei
sukelti bankroto grésmg. Pastaraisiais metais nemokiy jmoniy
skaicius Lietuvoje gana sparCiai auga, Salyje vidutini$kai per ménesi
bankrutuoja apie 50 jmoniy, bankroto procediiros vykdomos daugiau
nei 1200 {monése (Bankrutuojanéiy jmoniy statistika, 2004).

Imonés tkinei-finansinei biiklei apibudinti gali buti panaudota
daugybé (iki Simto) rodikliy, kurie apskai¢iuojami i§ finansiniy (ba-
lanso, pelno nuostolio, pinigy srauty ir kt.) ataskaity. Tac¢iau naudoti
juos visus bankroto galimybei jvertinti yra pernelyg komplikuota,
dazniausiai ir netikslinga. Apibendrintam imonés buklés vertinimui
patogesnis biity koks tai vienas kompleksinis rodiklis. Tokio rodiklio
ar ju sistemos paieSka uZsienyje pradéta dar XX a. treCiajame de-
Simtmetyje ir tgsiama iki Siol. Metodologiniu poZiiiriu ypac vertingi
W. Biverio 1966 m. tyrimai, atlikti remiantis pelningy ir bankrutavu-
siy imoniy finansiniy rodikliy trendy lyginamaja analize (Beaver,
1966), bei vélesni E. Altmano, E.B. Deakino, G. Forsterio, A. Kova-
liovo, T.Poddig (Altman, 1968; Deakin, 1972; Forster, 1978; Kova-
liov, 1994; Poddig, 1995) ir kity tyrimai, naudojant diskriminantinés
analizés metodus. Taciau diskriminantiniai modeliai visapusiSkai
nejvertina jmonés finansinés biiklés ir jos kitimo tendencijos. [moniy
bankroto galimybés vertinimas lieka aktuali ir toliau placiai nagriné-
jama problema (Crames, 2003; Maksimovic, 1998; Newton, 2003;
Rutkauskas, 2001; Tvaronavi¢iené, 2001; Barniv et al, 2002; Rose-
Green et al, 2002; Parker et al, 2002; Kuruppu et al, 2003)

Mes sitilome bankroto galimybg tirti naudojant neurony tinkly
metoda. Dirbtiniai neurony tinklai taikomi modeliuoti gana sudétin-
goms netiesinéms priklausomybéms, kuriy analizinés ir regresinés
iSraiSkos neZinomos. Jie vis pla¢iau naudojami jvairiose mokslo ir
praktikos srityse (Bishop, 1996; Navakauskas, 2000; Simpson, 1990;
Apanaviciené¢ ir kt., 2003). Ekonomikoje neurony tinklai naudojami
tikrinti apgavystés galimuma, vertybiniy popieriy kursui prognozuoti,
parduotuviy tinklams optimizuoti, rinkodaros tyrimuose tarptautinei
ekonominei konkurencijai modeliuoti (Calderon, 2002; Buscema,
2000; Larkin, 1999; Mclntyre-Bhatty, 2000). Zinomi bandymai neu-



rony tinkly metoda taikyti bankrutuojan¢ioms firmoms identifikuoti
(Poddig, 1995; Pompe, 1997; Yang, 1999). Taciau Sio metodo tai-
kyma riboja tai, kad reikia remtis duomenimis i$§ keliasdeSimt karty
didesnio skaiciaus imoniy, nei jy bukle apibtidinanéiy rodikliy.

Sio tyrimo tikslas — jvertinti neurony tinkly metodo taikymo
imoniy bankroto diagnostikai tinkamumg remiantis maZo skaiCiaus
bankrutavusiy ir sékmingai veikian¢iy imoniy finansinés buklés duo-
menimis.

Tyrimo objektas — neurony tinkly metodo taikymo mazos im-
ties imoniy bankroto diagnostikai ypatumai ir patikimumas.

Tyrimo metodas —jimoniy finansinés buklés lyginamoji analizé
remiantis santykiniais rodikliais bei bankroto galimybés vertinimas
taikant diskriminantinius modelius ir neurony tinklus.

Tyrimui panaudoti 5 bankrutavusiy ir 8 sékmingai Lietuvoje vei-
kianciy jvairiy gamybos Saky imoniy finansiniy ataskaity duomenys
uz 5 metus. Naudoti 4 imonés finansing biiklg vertinantys grynojo
turto pelningumo, trumpalaikio mokumo, isiskolinimo ir greito likvi-
dumo rodikliai. Nustatyta (1 lentelé), kad tos pacios jmonés Sie san-
tykiniai rodikliai kai kuriais metais labai skiriasi. Be to, kai kuriy
bankrutuojancéiy jmoniy rodikliai biina panasus i sékmingai veikian-
¢iyju arba uz juos netgi geresni. Sékmingai veikian¢iy imoniy ban-
kroto tikimybés nagrinéjamo laikotarpio pradzioje vertinimai kom-
pleksiniais rodikliais (2 lentel¢), gautais remiantis skirtingy autoriy —
Altmano (Altman, 1968), Taflerio ir TisSovo (Taffler et al, 1977) ir
Springate (Springate, 1978) “Z” tipo diskriminantiniais modeliais,
taip pat yra skirtingi. Kad jvertinti bankroto grésmg, vél reikia anali-
zuoti minimy kompleksiniy rodikliy kitimo tendencijas.

Lietuvos imonés veikia kitose salygose, negu tos kity valstybiy
imonés, kuriy pagrindu buvo sukurti auks$¢iau minéti diskrimi-
nantiniai modeliai, todél jy priimtinumas bankroto diagnostikai
iSlieka abejotinas. DaZnai SuoliSkai kintanti verslo aplinka lemia
netiesialinijini imonés finansinés buklés kitima, o minéti “Z” mode-
liai yra tiesiniai.. Siuo atveju netiesinéms finansinés biiklés priklau-
somybéms modeliuoti ir bankrotui prognozuoti tikslingiau naudoti
neurony tinklus.

Dabartiniu metu yra gana daug dirbtinius neurony tinklus mode-
liuojan¢iy programy, pradedant nuo tokiy populiariy pakety, kaip
Matlab priedai ir baigiant laikinai nemokamomis programomis, pvz.,
“Alyuda Forecaster”. Pastaroji, kaip ir kai kurios kitos programos,
sudaryta i§ dviejy daliy. Viena jy yra priedas prie programos “Excel”,
o kita — savarankiSka. Svarbus etapas veiksmingam neurony tinklui
sudaryti yra jo apmokymas naudojant turimas veiksniy vertes
(Kpyrnos u np., 2002).

Perceptroninis neurony tinklas buvo sukonstruotas i§ 3 sluoks-
niy, jam apmokyti naudotas atgalinio sklidimo metodas (Widrow,
1990). Tinklo apmokymo algoritmai ir juos realizuojancios progra-
mos reikalauja nemazai imoniy pavyzdziy — nuo keliy iki keliasde-
Simt karty daugiau, nei imonés pavyzdZzio biiklg apibtidinanc¢iy rodik-
liy (jraso lauky) (Kpyrmos u ap., 2002). Tinklo apmokymui naudojo-
me jau minétus 4 santykinius rodiklius. Kadangi turé¢jome nedidelio
imoniy skai¢iaus — tik 13, jy skaicius buvo dirbtinai padidintas i sara-
g jtraukiant po keleta karty. Taip gautas 284 imoniy saraSas, kuriame
buvo 161 bankrutuojanti ir 123 nebankrutuojanéios imonés. Tinklui
apmokyti buvo pateikiami duomenys i§ vienodo abiejy rasiy jmoniy
skaiCiaus, i$ saraSo iSbraukius paeiliui vienos imonés, naudojamos jos
bankroto prognozei (prognozés kontrolei), rodiklius. Si procediira
buvo kartojama tiek karty, kiek buvo imoniy, t. y. 13 karty. Tinklas
buvo apmokytas taip, kad veikiancios imonés identifikavimo jvertis
buty lygus 0, o bankrutuojancios — 1. Tokiu budu, tinklo atmintyje
liko Zinios (svoriai ir aktyvavimo slenksciai), leidZiancios atskirti

bankrutuojancias nuo sékmingai veikianciy, t. y. identifikuoti imones
bankroto galimybés poZiiiriu.

Apmokant neurony tinklg, kartu buvo tirta, kurie imonés buklg
charakterizuojantys rodikliai (veiksniai) geriausiai apsprendzia {vy-
kusi bankrota. Tuo tikslu neurony tinklo programa buvo paleista
tinkly optimizavimo reZime. Programa, naudodama {jvairias rodikliy
kombinacijas ir jvairius algoritmus iStyré 408 neurony tinkly varian-
tus. Gauta (3 lentelé), kad visi tirti rodikliai buvo bankrota apspren-
dziantys veiksniai, i§skyrus 2000 m grynojo turto pelningumo ir 1998
m — greito likvidumo rodiklius.

Apmokytas neurony tinklas buvo naudotas Sitaip. [ kompiuterio
programa, modeliuojan¢ia neurony tinkla, (i¢jimo sluoksnj) buvo
ivesti duomenys imonés, kuri nebuvo naudota apmokant tinkla. Tuo
bldu tinklas operavo nezinomos imonés finansing buklg charakteri-
zuojanciais duomenimis ir i$¢jimo sluoksnyje teiké skaitmeninius
bankroto iver¢ius, kuriuos, lyginant su faktiniu tos imonés jverciu
galima spresti apie prognozés teisinguma (4 lentele).

Pastebésime, kad vienos imonés, pavadinimu ,,Vabalas” progno-
z¢ reikia laikyti neapibrézta, kadangi neuroninis tinklas pateiké prog-
nozés pozymio vertg tarp 0 ir 1, t.y. 0,52, Sia imong negalima priskirti
nei prie bankrutuojanciy, nei prie nebankrutuojanciy. Taip pat ir
imonés ,,Tulpé” bankroto prognozés jvertis iSsiskiria i§ kity, nes
pozymio prognozé 3,6 karto didesné uz bankroto pozymj. Bet i§ kitos
pusés, tas jvertis dar didesnis uz nebankrutuojan¢iyjy imoniy bankro-
to jvercius. Vadinasi, §ia prognozg reikia laikyti arba teisinga — imo-
nés bankroto poZymis Zymiai stipriau iSreikStas nei kity, arba laikyti
neapibréZta prognoze. Bendras teisingy prognoziy skaiCius sudaré
92%.

Palyginimui analogiski tyrimai buvo atlikti su imoniy sarasu,
kuriame duomenys (jrasy laukai) apie kiekvieng imong buvo jrasyti
tik po viena karta. Vadinasi, Siuo atveju neurony tinklo apmokymui
buvo pateikiama tik po 12 jmoniy. Tikrinant tinklo teikiama bankroto
prognozg vienai imonei, kuri nebuvo naudota mokyme, gauta daugiau
diagnozés klaidy, t. y gauta daugiau neapibrézty vertinimy, o vienai
imonei “Vabalas”(ji néra bankrutuojanti) duota neteisinga prognozé.
Matyt, tai paaiSkinama ne tik neurony tinkly algoritmo ypatybémis,
bet ir tuo, kad antruoju atveju apmokymui buvo naudojamas didesnis
kiekis (8) nebankrutuojanciy, nei bankrutuojanciy (5) imoniy. Siuo
atveju teisingy prognoziy skaiCius sudaré 84%. Tai taip pat yra ne-
blogas prognozavimo neurony tinklais rodiklis. Aptarta tema miisy
tyrimai tgsiami.

ISvados

1. Santykiniy rodikliy, taip pat jy pagrindu sudaryti komplek-
siniy ,,Z” tipo modeliy naudojimas bankroto diagnostikai yra
komplikuotas. Juos taikant gaunami statiniai bankroto gali-
mybés jverciai, neatsizvelgiant | ty rodikliy kitimo tendenci-
jas.

2. Remiantis mazos imties imoniy skai¢iaus (8 veikianciy ir 5
bankrutuojanciy) ir jy biklg charakterizuojanciais 4 santyki-
niais rodikliais apmokyty neurony tinklu gauta, kad bendras
teisingy prognoziy skaicius sudaré 84%, o ju skaiciy dirbtinai
(pakartotinai jtraukus i saraSa) padidinus daugiau nei 20 kar-
ty, teisingy prognoziy skaicius pasieké 92%. Tai rodo, kad
abiem tyrimo atvejais neurony tinklai yra gana efektyvi ban-
kroto diagnostikos priemoné.

Raktazodziai: bankroto diagnostika, imonés finansiniai rodikliai, neurony
tinklai.
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