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There are many ways to determine financial health of a company. Classic tools of financial analysis emphasize data in
Jinancial statements. 1hen trving to reach an overail classification of a company. e.g. from the point of view of an
investor, indicators of profitability, liquidity, leverage and activily might generate contradictory clues regarding jinancial
health of the company. Such analysis docs not only generate ambiguous results, but is also lengthy. Therefore. the INO3
Jinancial model was created for particular specifics of the Czech Republic economic enviromment to predict prosperit: of
companies. [t measures ihe prosperity on the base of economic value added (EV'4). More than ien vears have passed since
the lawnch of the INOS index. The aim of this study is to quantify contemparary prediciion strength of the INO3 index on o

>0

sample of almost 300 companics. Morcover, an cifort was made 1o enhance the accracy of the model for pariicid

.
branches of mamiacturing indusivies. It was found thai contemporary explanatory power of the index INO3 is 4858 %

i

when applying the original evaluation scale, and 70.79 % when assessing 68.62 % of the sample excepr the gray zone, 1he
accuracy of the model vwas enhanced by the anthor in ail categories, ie. a higher acewracy (correct prediction probabiliny

s

without considering the gray zone and higher cccin wy (conditioned correct prediciion probabilit) using the EFAV Z0IES
in all branches of manufacturing industries. Robusiess of these results was verified on another sample of 193 conypanies.

Keywords: Prediction Model; Financial Health: INUGS Index; Economic Vatue Added: Remurn on Equity; Manufacturing

Indusiry.

Introduction

A plethora of bankruptcy and prosperity prediction
models are used worldwide in many modifications. Banks,
investors, and business partners use them to assess financial
performance of firms and to check their financial health.

According to Svobodova (2013) the increased need to
assess financial health of firms is justified by the rising
number of insolvency proceedings in the Czech Republic.

Prosperity models are used 1o assess a current financial
situation of a firm using one aggregate indicator. These
models combine selected ratios and are based on theoretical
assumptions and generally recommended values of these
indicators, and. in the vast majority, do not use empirical
evidence. Bankruptcy models were created in order 10
predict the probability of financial diswess. thus these
models were created on samples of selected firms.
Bankrupt-prosperity  financial health models combine
financial health of firms with their ability to meet their
financial obligations. However, despite a long history of
these models, there are still used groups of simple ratios for
economic and financial stability analysis (e.g. International
Monetary Fund; Cernoherska & Linhartova, 2013).

Prediction models render a certain percentage of failure,
which increases over time because of changes happening in
the market environment. Therefore, it is necessary to
constantly upgrade current models and also create new ones,
A model created in 1970 would not work nowadays with the
same success rate as it did then.

Kubenka (2014, p. 364) states that the accuracy of
existing medels may be decreased for several reasons:

- the author created the model on a small sample of
heterogeneous firms;

- the author failed to consider the differences and
specificities of the branches in which the model should be
applied:

- both market conditions and legislation change with the
passage of time, while some models are several decades old.

Model accuracy can also be decreased by using non-
identical accounting systems. e.g. applying US GAAP to
create models, while wtilizing IFRS to apply the same models.
causes their lower accuracy. Honkova (2015) and Foshre
(2009) deal with differences in accounting systems (US
GAAP vs. [FRS vs. CAS).

After the transformation to the market economy in the
1990°s, bankruptcy models started to originate in the Czech
Republic to predict company bankrupicies. These models
should take the market specificity of the country into account.
The IN25 model (Neumaierova & Neumaicr, 2002) was the
first bankruptcy model to appear. In 1999 the same authors
launched the so-called ownership model named IN99. It
predicts prosperity based on a positive economic value added
(EVA). In 2001 they created the INO1 model that connects the
properties of both previous models, i.e. it predicts bankruptcy
as well as prosperity. As early as 2005 it was updated (o a
version called the INOS model (Neumaierova, 2005).

The reported prediction strength of the IN0O5 model was
related to a group of Czech firms in the manufacturing
industries. It is, however, notable that manufacturing
industries, according to CZ-NACE (Classification of
Economic Activities of Czech Statistical Office). comprise 21
branches.
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The INO5 was created based on data of all branches
included in manufacturing industries from 2003/2004. That is
why the author of this article focused also on the factor of a
particular industrial branch (manufacturing industry being too
wide a term, involving inhomogeneous subjects of activity)
and the factor of time (model obsolescence depending on
changes of the market environment).

The INO1 was upgraded to INO5 four years after its
inception. 4 years later the original model lost its precision.
What is the accuracy of the INO5 10 years after its inception?
That is why the basic aim is to quantify contemporary
prediction strength of the INOS. Moreover. an effort is being
made to enhance the accuracy of the madel for particular
branches of manufacturing industries.

Literature Analysis

The history of bankruptcy models dates back to the 19th
century. One of the pioneers in the field, Dun & Bradstreet,
Inc.. was founded in 1841 and has been active in the field
ever since (Dun & Bradstreet. 2015). However. modern
specialized studies concerning financial heulth appeared as
late as in the 1920°s. One of the most prominent authors was
William H. Beaver. who discovered in 1963 that if we use a
correet selection of ratios with a suitable coefficient, we are
able 10 predict bankruptcy probability of certain companies
several vears ahead. In 1968, following Beaver’s research
from 1966 (Beaver. 1966), Lidward 1. Altman came up with
Z-score formula for predicting bankruptey using the MDA
method. The formula is quitc popular and has been updated
several times. A number of variants of the formula exists to
choose from today.

MDA (multiple discriminant analysis) has been used to
predict financial health of companics since 19607s. Its merit
is choasing linear combinations of independent variables
which best describe the financial state of the company.
Altman (1968) was not the only scholur applying MDA
principles, there were other researchers (e.z. Green. 1978:
Gibson, 1982; Chen & Shimerda. 1981). MDA analysis was
later replaced (e.g. by a logit analysis. applied by Ohlson.
1980. or a probit analysis. which Zmijewski (1984) focused
an in 1984). Of these two. the logit analysis is more popular
today. especially because the probit analysis requires more
extensive calculations (Vochozka. 2011).

The principle of the logit analysis is examining whether
the analysed phenomenon. modelied using a random variable.
occurs or not. It takes the value of 0 (the phenomenon did not
occur) or the value of 1 (the phenomenon occurred) (Cramer.
2003; Aldrich & Nelson. 1984).

One of the most recent and currently also most
frequently used methods is the method of artificial neural
networks. It was discovered in 1990 and its principle is
analysis of a large number of variables based on a
mathematical model. This procedure excludes unimportant
variables. [t is useful for credit evaluation. analysis of
financial transactions to determine fraudulent behaviour and
other criminal activities. Neural networks are more accurate
than previous methods. but only by several per cent (Kim
& Park, 2012: Chih-fondg & Chihli. 2014). Neural networks
were applied. among others. by Wilson & Sharda (1994
Zhang (1999). Amendola et al. (2011).

Despite the new methods, MDA is still used to create
new models (e.g. by Slavicek, 2015: Durica 2016).

The most widely used bankruptcy models are Altman’s
Z score formulas, especially Z score model of 1968
(Altman, 1968), ZETA score of 1977 (Altman ¢/ al., 1977),
and 7’ score of 1999 (Altman. 2000). Other models include
Taffler’s index of 1977 (Taffler, 1984) and Beerman’s
discrimination function of 1976 (Beerman, 1976). The new
bankruptcy model created in the Czech Republic is Index of
Karas and Reznakova (Karas & Reznakova, 2014) from
2014, where the indicated accuracy of placing a firm within
the health zone is 97.89 %, while the indicated accuracy of
placing a firm within the distress zone is 69.91 25, In 2014,
another bankruptcy model was created by Homolka et al.,
for which the author indicates the prediction accuracy of
90.96 % (Homolka ¢f af, 2014). The latest bankruptcy
model to emerge (Karas & Reznakova. 2017) is focused on
construction industry with the accuracy of 9231 % in
bankruptey prediction and 58.74 % in prosperity prediction.
Until then. the Z “score model {see Altman & Subato, 2008}
was used for the construction industry (c.g. Kubenka &
Kralova. 2013; Manasova. 2008) with the accuracy of 72.50

%o.
The most popular prosperity models in Lurope are
Tamari’s model of 1966 (Tamari. 1966). Grunwald's

prosperity index of 1995. Kralicek's Quick test of 1993, and
Prosperity Index, which is used in Central Europe {aboyve all
in Germany. Austria and Switzerland).

Kubenka and Slavicek (2014) claim that although
prosperity and bankruptcy models were created differently.
their construction is similar. which means a combination of
ratios and assigned weights of importance. Financial
diagnostic and prediction models vary predominantly in
their targeting.

The only bankruptey-prosperity models are INOI and
INOS. This third type of financial model is able to evaluate
bankruptey while also prosperity. INO5 was created by the
Neumaier couple (Neumaierova & Neumaier. 2002) with
prediction of EVA at 77 % success rate (accuracy verified
by the authors in 2005) and its upgraded successor INO3 of
2005 (Neumaierova, 2005) with accuracy of  EVA
prediction at 83 %. There is a lot of models for earnings
prediction (e.e. Hou, Van Dijk & Zhang. 2012: Sheng
& Thevenot. 2012: Duspiva & Novotny., 2012 Banker
& Chen, 2006) but only INO3 predicts EVA.

All above mentioned financial prediction models are
based on historical and present accounting data of firms, and
the models are able to predict the future of the firm based on
current trends with a relatively high probability. They are
popular in the financial world and widely used for their speed
and their ease of use.

Many authors stressed that taking non-financial factors
into consideration can significantly increase the effectiveness
of risk-management systems and dicision-making processes
{Korableva & Kalimullina, 2016). Some authors even focused
unconventional non-financial factors (e.g. Hajek. Olej
& Myskova, 2014) indicated eleven categories of annual
reports” sentiment which can utilized as the inputs of the
prediction models. However, the frequency of use in practice
decreases with the increasing complexitv of the methad
(Striteska. 2012).
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Methodology
INOS Index and EVA Construction

The INOS index as an upgrade of the INO1, differs from
its predecessor by having the gray zone interval changed,
namely from the interval <0.75; 1.77> to <0.9; 1.6>. The gray
zone indicates the scope of results that the model is unable to
evaluate and classify tested company as prosperous or
bankrupt company. Also, the weight of the indicator ROA
(ie. Return on Assets) was increased. According to
Neumaierova (2005) the index has the following form:

INOS= 013X +0.04X2 +3.97X5 + 0.21 X5 +0.09X: (1)

where X - total assets / liabilities. Xz - earnings before
interest and taxes / interest paid. N3 - earnings before interest and
taxes / tolal assets. Ny - revenues / total assets. Ns - current ussels
/ current liabilities,

To cvaluate a company, a scale consisting of several
intervals is set: the interval “health zone™ if INOSE(1.6: )
with prediction of positive EV A, the interval INO3€<0.9: | 6>
which means the cray zone. and INOSE(-ec: 0.9) which means
distress zone (negative EVA).

There are more ways (o calculate EVA. One of them is.
according to Hrebicek (2012) and Machek & Spicka
(2014). the following:

EVA=(ROE~-1.)E {2)

where ROE = EAT / Equity (book value). re - cost of equity.
L - equity. EAT - eamings after taxcs.

The  calculation according to  Neumaier &
Neumaierova (2010) is used in statistics of Ministry of
Industry and Trade of the Czech Republic and has this
form (based on book values):

racePS_(q_ I _,(PS_E
o JHACOT 1=ty (A A)
e~ E
A (3)

where re - implicit costs of sharchalders” capital, PS - pail
sources (bank loads. obligations. shareholders” capital). WACC -
weighted average costs of capital. A - total assets. 1 - fax raic.
I - cost interests. BL - bank loans. O - obligations. I - equity

The calculation is based on several simplifving
assumptions:

- the real or estimated interest rate (loans. honds) civen by
the borrowed capital.

- the market value of the borrowed capital equals o the
accounting value of the borrowed capital.

- the WACC value is independent of the capital structure,
if the indebtedness changes, the total costs of equity are only
redistributed among owners and creditors.

- the operational economic result equals to the EBIT
value.

The WACC value was calculated according to the
methodology of Ministry of Industry and Trade (2016) based
on book values:

WACC =1+ Feompany F Tfinstab + I (4)

where rr - rate of the risk-free assets. reompans - €x(ra charge
for the volume of business risk. rinar - extra charge for the risk
resulting from capital structure. ransab = extra charge for the risk
should the company not be able to pay back its liabilitics. 114 - is
the risk extra charge for the size of company.

Methodology of Determining Prediction

Strength of INOS for EVA Prediction

From the formula (2) is apparent the EVA is positive if
(ROE - re) > 0. This is deemed as a sufficient condition. The
research used economic data of firms for 2014 and 2015. For
determining the INOS prediction accuracy:

a) correct prediction of a positive value of the EVA
indicator in situations when EVA predicted for 2014 is
positive (it means IN05 = 1.6) and the real value of EVA for
2015 is also positive,

b) incorrect prediction of a positive value of the EVA
indicator in situations when EVA predicted for 2014 is
positive, but the real value of EVA for 2015 is negative,

¢} correct prediction of a negative value of the EVA
indicator in situations when  EVA predicted for 2014 is
negative (it means INO5 < 0.9 without considering the aray
zone) and the real value for 2015 is also negative,

d) incorrect prediction of a negative value of the EVA
indicator in situations when  EVA predicted for 2014 i«
negative, but the real value of EVA for 2015 is positive.

Resulling accuracy of the INO3 model for prediction of
prosperity (+/~-EVA) is then determined as a percentage in the
following manner:

Total Accuracy - x100

a+b+c+d

Data Structure and Modification

The research focused on firms whose core business is
manufacturing industry. The three selected branches are: CZ-
NACE 17&18: Manufacture of paper and paper products, and
Printing industry (in 2015 making 2.7 % of total
manufacturing industry sales). CZ-NACE 22: Rubber and
Plastics Industries (6.7 %), CZ-NACE 29&30: Vehicle
manufacturing (leading 24.7 % of total manufacturing
industry sales). The financial statements of the firms for the
vears 2014 and 2015 (balance sheet and profit and loss
statement) were exported from MagnusWeb application of the
Bisnode database. Sample has been selected on the random
basis. None of the firms in the researched sample for years
2014 and 2015 showed signs of bankruptey in the form of
insolvency or negative equity.

iuble 1
Oviginal Data Structure

Svinbol Branch Number of firms
A Paper and Printing 146 27.04 %
B. Rubber and Plastics 196 36.29%
C Vehicles Manufacturing 198 36.67 %
A+B+C. Total 340 100 %

Source: performed by athor

Data Analysis and Data Modification

The INO5 model is based on CAS (Czech Accounting
Standards) accounting data. Only an insignificant number of
companies (less than one hundred) is traded on the stock
market in the Czech Republic. Thus that is why the return on
equity is based on the book value as is the original sample of
variables used for creating of INOS. The sample data used is
based on the CAS system (non consolidated financial
statements) as is the original sample for creating the INO3.
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System CAS is based on Act No. 563/1991 Coll. and Decree
500/2002 Coll.

A sample of 540 companies was analysed from several
viewpoints to exclude extreme variables which would
negatively influence results of the whole measurement. These
extreme values might have been caused by a mistake of
evidence or administration, or non-standard development
within an acquisition or merger.

Therefore the calculated values of ROE (Return on
Equity = Earnings after Taxes / Equity) and obtained values
of INOS underwent the test for outliers.

Table 2 lists the characteristics of resulting values of
INOS before applving Grubbs™ test and after the modification
using elimination of outliers. Grubbs™ outlier test {Grubbs.
1969} calculates the maximum of the absolute differences
between the x; values and the mean of the sample. These all
divided by the standard deviation (SD). If the resulting test
statistic z = Z (critical value), the corresponding value can be
revarded to be an outlier.

IaNj= 1, nl¥i=X]
SD (6)

ry: S—

lable 2
Characteristics of ENOSz01s Valunes

h = Amax — Ymin
k (8)
For the sake of clarity the intervals in the figure | were
enlarged to =0.5 and thus the number of intervals was
decreased to k = 5. As is clear in Figure 1, and also in Table
4, 159 of all values obtained by the INO5 index is within the
interval <0.9; 1.6> , i.e. 32 %. Therefore, the original setting
of borders disables classification of a significant part of the
analyzed sample.

Frequency

i
1HOS vatues

Valoes

Figure 1. | requencics of INOS:
2 % aof sample nor displaved

This leads 10 the necessity 1o find a new evaluation scale.

which would emphasize cconomic development of the

industries in the past 10 years (the authors of the madel nsed

data from 2002 and 2004, and an update was carried out with

Clharacteristics Qriginal sample G madification® financial data from 2014 and 2015).
Mean 09373 Q.9 lable 4
SD i 17988 09343 Borders, Frequencies and Percentages of INOS2 Values
Numiber of values 540 4454 ) o
Significance level 0.0 (two-sided) X Tnterval of INOS | Mid-range [Frequencies (absol.)| Frequencies (rel.)
Critic. value of' 7, 3 R834 N -1.00 -0.73 12 243°% |
INUImax X | 439 -U.50 023 32 048 %
INOSmin N { -4.32 0.00 0.25 109 22.06 %
iy b = 1 : irE A - N (.50 0.75 115 23,89 %
“after elimination of outliers in INO3 and ROL -« determined by Grubbs =
et . } ; 1.00 .25 109
test (GTY Sowree: performed by auilion - - -
1.50 1.75 65
i - i 2.00 223 17
Overall 46 subjects were climinated fiom the sample 330 775 13
using the Grubbs' test for outliers in INOS and ROEz.. and 3.00 325 3
the resulting sample decreased to 494 companies, [ 3s0 A7s b
As a result. the fundamental characteristics of the sample L4400 Votal 487 1 e |

were changed — see GT modification in table 2 and table 3.
Table 3
Characteristics of ROEzois Values

Cliavacieristics

Ovigiual sample

G onedificaiion’

Mean 124132
SD 260527
No. of volues 540

Signiticance level

0.035 (2-sided)

Critic, value of 7 3.8834 X
ROLEmax N 21718 %
ROEmin x -130.40 %

Fafter elimination of outliers in INO3 a ROEs s determined by Grubbs”
test (GT). Sowrce: perforned by author

Frequency Distribution and Data Correlation

Determining approximate number of intervals using the

formula {Sunaga. 2009):

k=vn

(7)

ie. 22 when n = 494. The width of the interval was set at

INO5 and ROEaqs in the following way:

Nate to table 4: Intervals of INO3 with frequencies wnder 0.5% not dispiaved.
it represenis vie percent of the iotal saiiple.

Data analysis showed the IN05x: median in value 0.9,
mean 0.91. variance 0.87. standard deviation .93, maximum
of 4.39, minimum -4.52.

250

e
o
o

-
en
Q

30
Vi g 3

41 57 73 89 JUS

Frequency
w B
o O

o
\

214
111
e B W
| 4 a0 14 I
2l wm wm
a 2

71 %5 -39 23 -7

<n
Pal

ROE values

Nate: 2 % of sample not displayed.

Figure 2. I'requencics of ROLzs Values with Pehnomial
Trendline
Source: performed by author
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Data analysis showed the ROEas median in value
11,12 %, mean 13.14 %, variance 799.39, standard
deviation 28.27, maximum of 217.18 %, minimum ROE of
-150.40 % (near 20 % of companies with negative ROE).

Table 5
ROE2015 Frequencies

Interval Mid-range | Frequencies (absol.) |Frequencies (rel.)
-63:-47 -33.00 4 0.81 %
-47:-31 -39.00 10 202 %
-31.-13 -23.00 14 2.83 %
=151 -7.00 68 13.77 %
1:17 9.00 214 4332 %
17:33 23.00 111 22.47%
33.49 41.00 30 6.07 %
49: 65 57.00 17 344 %
[ 73.00 o) 1.82 %%
81:97 89.00 5 1.01 %

Total: 482 9757 % |

Note: Intervals of INOS with frequencies under 0.3 % not displayed. I
represents 2,43 % companies of the total sample

Seurce: perjormed by quh

Y

o visualize rclationships between ROE-. (LY,
determinant in 2014). INO5 (it predicts future surplus ROF
over 1.} and ROEn s (it determines the accuracy of the
prediction) standardization of data was performed.

Comparison is presented in fig. 3.

w1\ ROE 2014

300 e e 0 ROE 2015

1INDS 2014

250

200

Frequencies

150

Standardized values

Figure 3. Frequencies of Standardized Values INOS 2o, RO =04
ROE2015

Source: perforined by aiilios

The power of the correct prediction of the positive EVA
(specified in chapter Methodology of determining.. item a))
and the correct prediction of a negative EVA (specified in
chapter Methodology of determining.. item c)) was tested
using Pearson correlation coefficient. At the original setting of
evaluation scale <0.9; 1.6> the values of 0.24 and 0.42 were
obtained respectively. When testing shifting borders the
correlation of the value of 0.43 increased at the interval setting
<0.8; 0.8> without using the gray zone. The border 0.8 was in
the middle of tested borders. The results of this analysis are
listed in Table 6 and Table 7 below.

Results and Discussion

The INOS index was applied on a sample of companies
and probability (P) of a correct EVA prediction (both positive
and negative) was found to be at 48.58 % using original
borders. However, the authors of the model presented its
accuracy at the time of its origin on the basis of the
conditioned probability (CP) excluding the gray zone. The
obtained value of CP is 70.79 ¢ at the classification capability
(CC) of 68.62 % of the sample (i.e. the model is not capable
of classifying 31.38 % of the sample of companies. i.c. 31.38
Yo of the sample is included in so called “cray zone™. it means
zone of indecision).

Table 6

Probability of a Correct EVA Prediction Depending on
Evaluation Scale

Evaluation scale

04 [ 0506 07 ] 08 | 09 TR EE
046538 [6356]61.54]60.12] 581 | 5567|5223 4919 4204
0.5 69.23 16721 165.79]63.7761.34 | 57.89 | 54 86 [ 30.61
0.6 70.85[69.43 [ 6741 6498|6154 | 5830|3425
0.7 70.85 [ 68 83166406296 3992 |35 67
0.8 71.46 [ 69.03 [ 6359 [+ 55 [38 30
1.9 7083 (6741 | nd 3760 12
1.0 704567416316
1.1 l60.03 64,78
1.2 ] 63.79

Saurce: perforned by author

Now maximum explanatory power (classifying 100 % of
the sample of companies) was achieved when setting one
borderline of 0.8. With the border of 0.8 (i.e. evaluation scale
<0.8: 0.8>) the INO5 model reaches the highest accuracy of
71.46 Y.

Table 7
Conditioned Probability of a Correet EVA Prediction Depending on Evaluation Scale
LEvaluation scale
0.4 0.5 0.6 0.7 08 | 09 1 1.1 1.2
0.4 65.38/100 68.71/93 70.86/87 71.57/84 73.21/79 74.12/75 76.11/69 76.90/64 76.55/59
o 0.5 69.23/100 71.24/94 71.90/92 73.43/87 74.26/83 76.06/76 76.77/71 76.43/66
73 0.6 70.85/100 71.46/97 72.87/93 73.62/88 75.25/82 75.85/77 75.49/72
& 0.7 70.85/100 72.19/95 72.89/91 74.40/85 74.94/80 74.53/75
= 0.8 71.46/100 72.09/96 73.47/89 73.92/85 7347779
_E 0.9 70.85/100 72.08/94 72.44/89 71.91/84
S 10 7045100 | 70.70/95 | 70.11/90
o - 69.03/100 | 68.38/95
1.2 63.79/100

Sauree: perfe

sred by author
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As can be concluded from Table 6, a higher probability
(P) of a correct EVA prediction can be also reached (against
the original boundaries) when setting one border at the value
of 0.6 (P=70.85 %), 0.7 (P=70.85 %). 0.9 (P=70.85 %) and
1.0 (P=70.45 %).

Table 7 lists various combinations of conditioned
probability (CP) and classification capability (CC)
depending on border modification. When setting a condition
CC = 70 %, the most suitable scale seems to be <0.5; 1.1>.
Then, the success rate of prediction of CP is 76.77 % with
capability (CC) of the model to evaluate 71 % companies.
Also the combinations listed below yield good results:

<0.5: 1.0> with CP = 76.06 %/ CC =76 %

<0.6: 1.0> withCP=7525/CC=82%

<0.6: 1.1> with CP=75.85/CC =77%

<0.6; 1.2> withCP=7549/CC=72%

Results of the application stated in Table 7 show a
different accuracy when compared with valuee ziven by
original evaluation scale <0.9: 1.6>. The accuracy based on
data from the vear 2014/2013 showed the probability of the
right prediction of 48.58 % and conditioned probability of
70.79 % (at a 68.62 % of CC). Modified evaluation scale
yields betier results (see Table 6 and Tuble 7). The
confidence interval will determine if this improvement is
statistically significant. The confidence interval can be.
accarding to (Pacakova: 2003) or likewise (Kubanova;
2008) determined as follows.

int1=p) Int1 =)
i’(‘w—/u'_ St iy 9 n< p+z_ '———i \, 1=« (%)
FIN n 1-3 | 1 .j

where p - the accuracy of INOS with new evaluation scale. n - the
size of the base. u - determined at the levelol'S %

NACE 17&18: Manufacture of Paper and Paper
Products and Printing Industry

INOS model classified the sample of 137 firms (without
outliers) into the distress category in 49.63 %o of cascs. (he
aray zone, where the model cannot decide. comprised 28.48
04 and the prosperity zone had 21.89 %. If we focus on the
ability of correct prediction of financial health. then the

prediction strength of INOS is as follows:

Talkle 8
INOS Ability to Predict EVAin NACE 17&18

EVA prediction success rate™ No. of firms

a)| correct prediction + EVA*® 21 2143%
by| incorrect prediction + EVA Y 9.18%%
¢)| correct prediction — EVA 53 5408%
d)| incorrect prediction - EVA 15 1331%

Total: 98 100%

#not including the gray zone (39 out of 137 firms were classified as
belonging to the gray zone or the “zone of indecision) ¥ *+ VA means
positive EVA, ##%-LVA means negative EVA
Source: performed by anthar

The resulting accuracy of the medel (with original
borders) is then 75.51 % ((21+533)/(21+9+55+15)).
However. if we included the firms in the gray zone {39
firms). the accuracy would drop to 54.01 %.

To increase accuracy of the model for the NACE 17&138
branches, shifting of the evaluation boundaries was tested. It
was found that when shifting the gray zone to INOS  <0.5: 1.1>
the accuracy of the model according to the methodology (5)
changed to 77.23 % (CP), while the gray zone was 26 % of
the total sample (CC 74 %). If we use the border 0.8 (scale
without gray zone <0.8; 0.8>) the accuracy (P) is 72.99 %
(with CC 100 %).

CZ-NACE 22: Rubber and Plastics Industries

The classification of the sample of 179 firms (without
outliers) by the INOS model returned results similar to the
CZ-NACE 17&18 branches. The distress category
comprises 51.40 %, the gray zone has 28.49 %o and 20.11 %
firms indicates prosperity. [f we focus. again, on the ability
of correct prediction of financial health only. then according
{0 (5) the prediction strength of INOS is in table 9.

LA prediction success rate?” No, ol firms ]
i) carrect prediction + EVA 28
b) incorrect prediction + EVA s (. 25%
‘70) correct prediction — EVA i | 433 1o
i d) incorrect prediction — EVA 34 26.56"5
\ Total: 128 100 % |

lagsitied us

# ot ineluding the gray zone (31 out of 179 firms wer
belonging to the gray zone or the “zone of indec
Sowrce: performed by auihor

s510m)

The resulting accuracy of the madel is 67.19 %a
excluding the gray zone. When the gray zone is included.
the accuracy falls to 48.04 % (28 +58)/179).

When shifting of the evaluation boundaries was tested.
the gray zone interval <0.50: 1.10> changed the medel
accuracy. increasing it to 74.80 % (CP) with CC 71 %. The
probability P (the border 0.8 without gray zone) 1s 68.72 %a.

CZ-NACE 29&230: Vehicle Manufacturing

The sample of 178 firms was classified with similar
results as the other branches. 47.19 % fell into the distress
category, 36.52 % stayed in the gray zone, and 16.29 %o
indicated prosperity. The model’s ability to predict EVA is
as follows.

Lable 10

INOS Ability to Predict EVA in NACE 29&30

EVA prediction success rate” No. of firms E
a) | correet predicuon + EVA 5 22.12%
by | incorrect prediction + EVA 4 3 54%
¢} | carrect prediction — EVA 53 48.67%
dy | incorrect prediction - EVA 29 25.66%
Total: 113 100 %

#nol including the gray zone (65 out of' 1 78 firms were classified as
belonging to the gray zone or the “zone of mdecision)
Sowrce: performed by author
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The resulting accuracy is 70.80 %, again excluding the
gray zone with CC 63 %. After including the gray zone, the
accuracy plummets to 44.94 %,

After shifting the gray zone interval to <0.50; 1.10> the
model accuracy would increase to 78.40 % (CP) with CC 70
%. The accuracy without considering the gray zone (P) is
73.03 %.

The confidence interval was calculated to verify
whether this interval change has a statistically significance.
This proves that shifting the evaluation scale <0.8; 0.8> and
(0.50: 1.10> increases the INO5 model accuracy with a
statistical significance except branch A for CP <0.5; 1.1>.
There was original accuracy 75.51 % with borders <0.9:
1.6> and the new one for CP<0.5; 1.1> is 77.23 % with
confidence interval <70.21: 84.25>. However, more
importantly is the P accuracy from author point of view. P
accuracy in branch A improved from 54.01 ©% to 72.99 o,
ic. positive change almost 19 %.

Table 11

Original and Modified INOS Ability to Predict EVA

Original evaluation seale
Branch* P <(.9:1.6> CP<lh%:1.6> e
A+B+C 4858 70.79 67 |
A 54.01 7351 72
B 48.04 ! 67.19 7
C 44 94 70 .80 63
Modified evaluation scale
Branch* P (0.8) CP <0.5:1.1> CC
A+B+C 71.46 76.77 71
A 72.99 77.23 74
3 68.72 74 80 71
C 73.03 78.40 70
Confidence intervals
Branch® ol P (0.8) mof CP <{).5:1.1>
ABHC | <6748.75 44> <73.05.8049> |
A 80.43> <70.21:84.25> 1
3 <61.93.75.51> <(8.44:81. 16>
C <606.51:79.55> <72.35.64.43>

80

75 74.72 74,16

=
L%y 7299

59,65
: A Qn
LS 57,04
— —

66,48

66,42
66,85

~
® 52,04

Accuracy in percentage
o
o

W 58,66

55 4 5547 == Paper and Printing Industry
=& FRubber and Plastics Industry 53,37
== Vehicles Manufacturing Industry
50
1 ] 0.4 05 0.6 0.7 0.8 0.9 1.0 42370 42401 42522
L Threshold

Figure 4. Model Accuracy vs. Thresheld vs. Manufacturing
Branches
Source: peiformed by author

To confirm these differences with statistical sienificance
were determined intervals of confidence. It was found that
branch B confidence interval is <59.40: 73.40> for threshold
0.0. The highest accuracy of branch C is 74.72 % just for
threshold 0.6, This clearly confirms  different  model
accuracy for different branches. Also was found that branch
B confidence interval is <58.98; 72.86> for threshold 0.9
where is highest accuracy of branch A (it is 74.72 %),
Accuracy of A branch is outside the confidence interval of
B. This also clearly confirms different model accuracy for
different branches with statistical significance.

We can assume that in other branches
discovered differences also.

Verification sample confirms robustness of results.

The size of the verification sample was 195 enterprises
(random selection from the manufacturing industry).

may be

Table 12

Verification of Modificd INOS Ability to Predict EVA

“Note: Branch A Paper and Printing Industry. branch B Rubber and Plasiics
Industry. branch C Vehicles Manufacturing Industry. P - probability. CP -
conditioned probability. CC - classitication capability. 7 - confidence
interval
Sowrce: performed by author

The research aims also to prove or disprove whether the
model accuracy for various industries differ. Relation
between model accuracy and threshold level is shown in
figure 4.

The figure shows different accuracy in branch A: Paper
and Printing Industry, branch B: Rubber and Plastics
Industry and branch C: Vehicles Manufacturing Industry.
Branch A: Paper and Printing Industry achieves the highest
accuracy 74.45 % with threshold 0.9. Branch B: Rubber and
Plastics Industry achieves the highest accuracy 68.72 % with
threshold 0.8. Branch C: Vehicles Manufacturing Industry
achieves the highest accuracy 74.72 % with threshold 0.6.

‘[ Original evaluation scale

!_Iiram-h* P <0.9:1.6> CP <0.9:1.6> cC

| A+R+C 5231 7034 7436

i_ Modified evaluation scale (tested sample)

AR ] 7146 [ 76.77 | 71

Modified evaluation scale (verification sample)

Branch* P (0.8) CP<0.5;1.1> (

| AtBAC 70.26 75.89 7231

Source: perforned by author

The INO5 model was unable to evaluate 27.69 % of the
verification sample (25.64 % of the test sample) at the
boundary <0.5; 1.1> and the accuracy was 75.89 % (76.77 %
of the test sample). The predictive success rate was 70.26 %
(71.46 % of the test sample) with boundery 0.8.
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Conclusions

On the basis of testing a sample of 494 firms, the ability
of the INO5 model to predict economic value added has
proved to deteriorate significantly over the past 9 years. A
considerable weakness of the model showed to be a high
probability of classifying a firm within the gray zone, where
the model is unable to decide between the distress zone (-
EVA) and the prosperity zone (+ EVA). The gray zone
exceeded 28 % in all three analyzed branches of
manufacturing industries (CZ-NACE 17&18 28 %; CZ-
NACE 22 28 %; CZ-NACE 29&30 even 37 %).

The research also found that the model’s ability to
predict a positive or a negative value of EVA differs
depending on the industrial branch of the firm (branch A
75.51 %, branch B 67.19 %, branch C 70.80 %4).

The analvsis of changes of the INOS madel accuracy
depending on shifiing the evaluation interval boundaries to
<0.8; 0.8> and <0.5: 1.1> brought an increase of the model’s
accuracy in all explored  branches  of manulacturing
industries. There was an improvement of 18,98 %o (P) with
statistical significance and 1.72 % (CP} without stuistical
significance in branch A (Paper & Printing Industiy ).

Nonetheless, in all other industry branches an
improvement has occurred with a statistical significance in
probability (P) and also in conditioned probabiiity (L) In
branch B (Rubber & Plastics Industry) an improvement of
20.68 % (P) and 7.61 % (P) has occurred. In branch €
(Vehicle Manufacturing Industry) the improvement was
20.09 % (P) and 7.6 % (CP). In the total sample the
improvement was 22.88 % in probability and 5.98 % in
conditioned probability with 71 %o classification capability.

A significant contribution of changing gray zone
boundaries from <0.9: 1.6> to <0.8: 0.8> and <0.5: 1.1> has
heen demonstrated.
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