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1. INTRODUCTION

The empirical and methodological approaches haweldeed a lot nowadays mainly due to
social sciences which led to methodological devalept in finance too. The main part of
financial research is still based on capital markéiowever corporate finance research has
evolved a lot as well.

1.1. Background and relevance of the topic

In the past few years, financial modelling and ficial predicting developed a lot in the domain
of corporate finance research. Free capital movemede it possible for many investors to
invest in high expected return fieldghe limited existence of capitahd rational thinking made
investors put their money with minimal risk. Theypect to get their money in a given
construction and with interest. Because of the, risivestors follow their money closely.
Economic and financial crises and economic dowisturave a major impact on companies.
Companies go bankrupt, in this way investors ldseirtmoney, thus the bankruptcy of
companies has a high cost on social life too. Daakruptcy of a company ia costly
phenomenon for all economic actors. Money lendese |their money, companies bear
liquidation costs, employees get no salaries, osviget money under their value or they get
nothing. In the case of big companies, bankruptey tleeper effects because it involves that
many suppliers lose money as well, and due to epenomies this produces a contagious effect.
Starting from the unregulated mortgage legal systethe United States of America, a financial
crisis appeared in 2007 which reached Europe amdaR@ too in August 2008. The financial
crisis was followed by a longer economic crisiselao the economic crisis and partly because of
the new Basel agreement, the bankruptcy predieiaived a lot and many researchers pointed
out the importance of bankruptcy predictions inside small and medium sized enterprises
(SME) too. Until that point research on bankrupttgs been mainly carried out on big
companies and financial institutions such as baBenkruptcy research on SME has been
neglected (Bellovary et al., 2007).

Research on bankruptcy has been greatly influebgeitie evolution of empirical research and
the development of information technology. Furtheren the growing value of debts and their
repayment risk encouraged bankruptcy modelling apgdlication to develop. Much of the
research has been carried out on big companiebamks, however after the Basel agreement
bankruptcy and financial failure research of SMEdme more frequent in the United States of
America and Western European countries.

1.2. Aims of the dissertation

The aim of my dissertation is to test bankruptcydeis with financial ratios and see if they are
applicable on the SME data sample from HarghitanBou~ollowing a theoretical research on
the literature about bankruptcy, it has becomerclbat the Romanian financial research is
highly oriented towards capital markets and magrarice modelling. Corporate finance and the
application of statistical modelling based on ficah ratios offers many opportunities for
researchers. The research on bankruptcy is basedsomall data sample of big companies, as
well as testing Altman’s Z model on these companiggal and Schwarz (2012), Karas and
Rezakova (2013) signal clearly a lack of empiricale@sh in Central and Eastern European
countries. The early recognition of financial faduand bankruptcy is the interest of all the actors
of economic life. In this group the most interestates are capital lenders, owners and the
government.



Owners of SME tend to neglect the use of these roaidy prediction models because of two
reasons: the lack of their knowledge on these nsodelbecause they do not consider these
models important. We must mention that these modeldd become outdated in time; new
research could be needed and they might have taldpted to economic trends too. With the
development of information systems, these modeisbeaincorporated in complex information
decision systems, because in this way they carsée im decision making in daily business life:
decision makers can see their effect on compamyée and liquidity. Empirical and theoretical
models which have been elaborated in the past d@nowide an exact answer on the perfect
model. A great number of publications use the d&im of bankruptcy on companies that are
not bankrupt; the bankruptcy definition is oftemfised with financial failure. The definition of
bankruptcy is described in my dissertation in dimie$ chapter, and my research is carried out on
bankrupt companies. Bankruptcy and financial failunust be used separately and applied
separately in statistical models. A financiallylédi company is not always bankrupt, in this way
the financial ratios can predict another finanstate of a company.

Firstly, my aim was to develop bankruptcy predictimodels based on SME data sample from
Harghita County, which could be used by finanamsititutions. Secondly, | wanted to complete
the SME bankruptcy research in Romania on regidee¢l. Regarding the structure of
companies, Harghita County is characterized by Is@awadl medium sized enterprises. The
research on SME bankruptcy has become a priorityhenpast few years due to the Basel Il
Capital Agreement applied from 2005. When it becactese, a lot of criticism was formulated
by governments and SME associations, since the tagiital cost affected negatively these
companies which represent the main pillars of antrgis economy.

Altman and Sabato (2005), also Berger (2006) tak® consideration the effects of the capital
agreement on the SME sector. However, up until 288%&earch on bankruptcy of SME can be
considered very poor (Altman—Sabato, 2005). SMHElitrgy is considered riskier (Altman—
Sabato, 2005) as it is exposed to economic chaargbshocks, contrary to big corporates. In the
same time SME crediting is riskier for the retuarsd profitabilities of banks and financial
crediting institutions (Kolari et al., 2006, Berg2006).

In my dissertation | formulated the following hypeses.

H1: The size of the small and medium enterprisessdaot influence the probability of
bankruptcy. There is no significant relation betwdbe size of the company and bankruptcy
probability. The size characteristics of a comparnly not improve the model accuracy.

According to the literature, big companies are ndiversified in their activities, and because of
that, they can get crediting easier (in many castsless credit rate). As such, the probability of
their bankruptcy is lower than in the case of SNIkis fact is supported by several articles (for
example Ohlson, 1980). In the case of SME, it issgale that fewer liquidation procedures are
started. This is true because in many cases tleéveddes are smaller than the procedure costs.
Contrary to my opinion, Altman et al. (2010) hawncluded that company size matters. They
even established a lower asset value, above whigHiquidation procedure was started more
than once (Altman et al., 2010). In Berger’s (200pion, crediting big corporates has greater
risks as opposed to crediting SME. We must alsotimerihe fact that the SME sector is an
important part of an economy and their creditingmportant for financial institutions. There is
no clear evidence that the size of a company inflae the probability of bankruptcy. In my
research, the size of a company is measured usesgpgarithmic value of total sales and total
assets. | wanted to see whether these variablesasappthe models, and if they did, were they
significant and could they give a better accuracthe model.



H2. The bankruptcy of the SME in Harghita County & predicted with the working capital
and financial ratios which are related to this sueh the turnover rate of accounts payable and
accounts receivable. The cause of the SME’s bamgyup Harghita County is circular debt.

In bankruptcy prediction models the most frequeariable is the negative capital and the small
value of liquidity. However, throughout time manstieles have pointed out that the liquidity
ratio is a static variable and cannot accurategdiat bankruptcy. In the same time, dynamic
cash flow ratios and the return on ratios includethe models can predict financial failure or
bankruptcy. In my opinion, bankruptcy of comparireshe county is due to economic relations,
transactions of companies, and as such, a higtlairdebt is the main cause. Taking all this into
consideration, | assumed that only those variablesld be selected which were connected to
the working capital management of a company; cksi lbased ratios and long term debt ratios
would be insignificant. The latter one is becaussigtical data shows that company loan
behaviour is poor in the county. Company finances lzased on short term financing. The
hypothesis will be tested by the presence/absehtteese variables, ratios in the models. In the
mean time, | use as ratios the arithmetic averafigevof balance sheet values. | wanted to test if
these average ratios have a better accuracy incpred bankruptcy contrary to the general
ratios.

H3. The bankruptcy prediction models based on gaiccomponent analysis are more reliable
than models based on simple financial ratios.

Statistical models used in bankruptcy predictiomehaore assumptions regarding the variables
used, assumptions which are not present in reaogoi life. In bankruptcy prediction research,
based on financial ratios, we can construct moddish predict financial failure or bankruptcy
of a company. For this we use several financiabsatHowever, it could be very hard for
researchers to find the most reliable ratios thatigt failure accurately if too many financial
ratios are being used. Using less financial rati@s result in loss of information. The use of
multivariable statistical analysis can be a golde&y. The principal component analysis is a
statistical method which combines the many vargbigo fewer new components with less
information loss. In my opinion, the principal coom@nt analysis can help to elaborate new
bankruptcy models which could predict the accuratyhe model. With the help of financial
ratios and new components as new variables, Ipsithypothesis under test, checking it with
logistic regression models and the neural netwaskieh



2. MATERIALS AND METHODS

Aziz and Dar (2006) compared articles on finanfadlure, pointing out the lack of information
and data which is a common flaw signalled by redess. In elaborating my thesis, getting the
database from which the research could be conduej@esented the biggest challenge. The
problem is that in Romania financial data of comesaurs very hard to get. The database of the
Ministry of Finance is an open resource, yet ittaors quite summarized financial data which
does not allow carrying out a research. The dagd usmy dissertation is from 2008, based only
on financial data of Harghita County. It would beeresting to see the results of the same
research carried out on regional level. Unfortulyatéhere is a lack of macro finance data on
regional level as well.

The final database was put together using two saimces. One of the sources was the Ministry
of Finance which provided the database on SME @mdnreports from Harghita County,
containing coded data. The list of bankrupt comgsmvas collected from the online page of the
National Trade Register Office and it consumed taolotime. The two databases were put
together using special database techniques. Tiei$inal database consisted of financial reports
from 2009 to 2013, regarding companies from HaegBibunty.

In the mentioned 5 years, in Harghita County theeee 1472 failed companies on the whole.
From these | managed to identify 588 (39.95%) cangsathat went bankrupt. | had to take into
consideration another factor, namely that thesepeones had to have financial reports in the
two years prior their bankruptcy (balance sheet @nodit-loss account). This proportion can be
considered relatively good if we keep in mind thaine of the bankrupt companies did not hand
in annual financial statements to the official fin&l institutions. On national level this situatio

is the same and does not improve (Coface, 2015urtip2010, only 40.21% of the financially
failed companies put down their report, in 2014 thte improved to 49.46%, and a slow
improvement was to be expected in the following fwars. Based on the aforementioned data,
we can conclude that only one out of two finangialistressed companies puts down its
financial report (Coface, 2013).

Following that, | excluded those companies whicl ha value in the total sales and total assets
in the two years preceding their bankruptcy. Thgioal list decreased to 255 bankrupt firms. In
the meantime | excluded companies which were yauttggn 3 years old. | wanted to study
active companies, not young enterprises. These aom@p went bankrupt because of
mismanagement or because they did not have a tonmaket research on demand. As such,
they represent another group, in my opinion. Certaiticles characterize new and young
companies as having poor or less effective continely cash management is greater, in this way
they are more likely to go bankrupt than others shavived 3 years of business (Charalambous
et al., 2001). In other articles, the age of a camypis considered a very important variable in
predicting failure (Jovanovic, 1982, Pakes—Ericsd4@98). Newcomers know partly the market,
so there is a possibility that they overestimatééwastimate their capabilities. Consequently,
their effectiveness will be surely known after e fgears of activity. In my opinion, the first few
years are about learning and developing or, inwthest case, going bankrupt. However, their
characteristics are not similar to a company wihiat been active for more than 3 years.
Similarly, there were left out from the data samplese companies in whose financial report the
total sales were significantly less than the otheomes. | did this because | consider that these
companies have already started to sell their gsasta result they could have already been
unhealthy financially speaking. Lastly, there wdedt out from the data sample all the
companies that did not have a total asset vald®0fO00€. | considered that in this way | could
get rid of the companies that are inactive or aamiivoicing.



The healthy companies were selected based ondhteea:
1. the total asset of the company is bigger than TREQ
2. the net income is positive in the two consecutigary;
3. is compatible with the proportion of bankrupt grdagsed on its activity code.

The final database contains two groups: one grdupealthy companies and another group of
bankrupt companies. The bankrupt companies hadwe financial reports in the two years prior
their bankruptcy. There are a great number oflagiahich claim that the period must be longer
than 3 years. Others say that bankruptcy predictamnbe used on short time data. There is no
exact answer to this question (Laitinen, 1993)minopinion, the evolution of bankruptcy in the
case of active companies is a long term evolution if we take into consideration the accuracy
of predicting bankruptcy, | consider that takingpimccount one year is better. Considering two
or more years before bankruptcy has less discrimg@ower between the two groups, thus the
prediction accuracy could be worse. In my case,dh@base made it possible to take into
consideration only one year before bankruptcy.

Concluding, the final database consisted of 11igot and 965 healthy companies.

Financial ratios and variables used in the research

After finalizing the data sample, | calculated 8B8afcial ratios from the balance sheet and
profit-loss account. | took into consideration theancial ratios used in the literature about
bankruptcy. In some cases | made changes on tlues,ratimproved them with accounting,
applying tax corrections. The financial ratios dsngrouped in 6 groups. The market ratios in
my case could not be used.

1. Return on ratios: | calculated 10 main financidios and other forms containing tax
corrections and others, in total 22 financial ratibor example, in the case of ROA | used
7 versions, from which only 4 remained in the firedearch as input.

Efficiency ratios (3 financial ratios and its venss, in total 5 variables).

Liquidity ratios (8 financial ratios and its vers® in total 12 liquidity ratios).

Debt ratios (9 debt ratios and its versions inltb&financial ratios).

Cash flow ratios (11 cash flow ratios and furthersions, in total 15 cash flow based
ratios).

Other financial ratios (11 ratios). In this groupete are included the size variables, the
sales growing ratios and other financial ratiodpial 16 financial variables.

akwn
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In the process of choosing the right financialasitil took into consideration the empirical
research too (Belovary et al., 2007).

In my research | used multivariable statistical moefs to discriminate between the two groups:
the logistic regression model and the principal ponent analysis. In the same time | used the
artificial neural network modelling in distinguisiy between the two groups.



3. RESULTS

Before working out the final model, | performed fm@mary statistical tests on financial ratios.
As a primary conclusion, | can summarize the follayy

— The financial ratios calculated from balance sheatsdistinguish between the two groups
if the arithmetic average is used. There are feseptions, such as the working capital
ratio to total sales (variable — v7).

— Among the variables | had to exclude those whichtaioed long term debt. The data
sample and the SME in Harghita County are charaetérby short term financing
behaviour. The long term debt is not characteristihie SME in Harghita County.

— Due to the above mentioned fact, the variables tbasisted of the interest cost were
excluded from the analysis.

— The variables that consisted of the number of epgas were left out because they did not
present any relevant differences between the twopy.

— From the analysis there were excluded the ROE eat@ball those financial ratios which
consisted of the capital value or the cash flowhefworking capital in the same variable.
This was because two negative values in a fractiake the value positive, giving a false
picture of the financial health of the company. §&h@egative values were characteristic
mainly to the bankrupt group. On the whole, a nundfet ratios were left because of the
double negative fraction.

In bankruptcy research the company size is fredypettdied. The size of a comparoan be
measured mostly by two values: the value of taldsand the value of total assets. Noticing the
value of total assets in both groups, we can foateuthe following conclusion: the bankrupt
sample is characterized by 7.54% assets growingyeaos before bankruptcy, until the healthy
group presented a 65% asset growing.

Table 1: Total assets value

Total assets n—2| Total assets n—1 decrease/increase
. : Changes — %
Company group year — lei, year — lei, — % from the total
average value
average value | average value sample n—1 year
bankrupt 4 065 414 4 027 810 7.54% 50.90%
healthy 2827 227 3121 705 65.00% 24.50%

Source: own calculations

The decrease of assets is more frequent in the @@ske bankrupt group. 50.9% of the
companies had a decreased value in assets, whileeirhealthy group only 24.5% of the
companies presented an asset decrease. From thevelaiannot conclude that the assets value
starts to decrease one year before bankruptcy.

The most important value that characterizes thieigcof a company igotal sales A company
can pay its obligations by total collected salésvé compare the two groups according to the
total sales, the following results occur: the bapkrgroup has a 6.3% total sales decrease in
average one year before bankruptcy, while the Inggitoup presented a 114% total sales growth
in the same period. The decrease is frequent irb#mkrupt group, 70.9% of the companies
presented a decrease in total sales.

Table 2: Total sales value

Total sales n—2| Total sales n—1 Decrease/increase
. . Changes — %
Company group year — lei, year — lei, — % from the total
average value
average value | average value sample n—1 year
bankrupt 4 072474 3314 114 -6.3% 70.9%
healthy 3 605 199 4073 272 114% 25.9%

Source: own calculations



In the case of the healthy group, the decreaseidrary in total sales was only 25.9% from the
whole data sample. Looking at the financial daesented above, we can see that the negative
downturn of the total sales can be an influentalable in bankruptcy prediction.

A further question we have to look into is the mdn of accounts receivable in total sales.
This value shows the proportion of the sales thertewcollected. If sales were not collected, it
means that the company does not get enough casbntmue its activity, it needs further
financing which can lead to financial distress amdn to bankruptcy.

Analyzing the data, we can conclude that the awesgounts receivable rate from total sales
was 47.37% two years before bankruptcy in caskebankrupt group, and 21.9% in the case of
the healthy group in the same time period. One peéore bankruptcy this rate deteriorated to
62.22% in the case of the bankrupt group, whilea¥erage value of the healthy group changed
positively, being established at 20.21%. In the esdaimme we should examine the ratio between
the money collected and the money paid (variablE).vbhe smaller the ratio, the more likely
there are liquidity problems. If the value goesolell unit, it means that the company needs
working capital financing. The data sample in tlesec of the bankrupt group presented an
average value of 0.85, while the healthy group &racverage value of 1.06. To understand the
ratio better, we have to take into consideratiantttal income value as well. If the company had
negative results in a year and the cash ratio wagruone, it means that the company did not
collect its financial results. This situation oacad in the case of 27.27% of the bankrupt group
and 33.06% of the healthy one.

After analyzingliquidity ratios, we can conclude that the working cash flow ratiorot be used

in bankruptcy predictions. Negative working capitald a distortive influence on the results.
Looking at the results, we can also conclude thased on the liquidity ratio, both groups have
values that are normal or close to normal values.sAch, these ratios cannot be used to
distinguish between the two groups. In the casbkealthy companies, the liquidity ratio had a
high value. When the accounts receivable rate irkiwg assets was being analyzed, | could see
the high proportion, which pointed out that the eypmwas not being collected. In the case of the
bankrupt group, the liquidity rate had been dedngasne year before bankruptcy; in other
words they had already been facing financial pnoisleThe value of liquidity which is normal
between 0.8 and 1.8 (Borszéki, 2000) was closkddawer value in their case.

Table 3: Average values for liquidity ratios

Ger_ie_ral Liquidity ratio Cash ration Account; receivable
liquidity without stocks / Working assets
n—2 -1 n—2 -1 n—2 -1 n—2 -1
bankrupt 1.41 1.07| 0.84] 0.67| 0.14| 0.10| 44.76%| 47.06%
healthy 3.29 2.72| 2.06| 1.79| 1.05| 0.71]| 44.06%| 47.82%

Source: own calculations

Debt ratios represent other important indicators which candigte financial failure or
bankruptcy. After analyzing the data from Hargh@aunty and comparing them to data
available on national level, we can conclude thanganies from Harghita County do not
finance their activity from long term debt. The walof long term debt is very low in many
cases. This is also confirmed by the data provimethe National Bank of Romania. The value
of debt in Harghita County decreased constantiinf2908. The average decrease was 4.17% in
the period ranging from 2009 to 2015, while therage decrease on long term debt was 1.93%
on national level. The ratio of long term debt ofinty enterprises, as opposed to the national
total, decreased from 0.80% to 0.56% in the 200953feriod. The negative trend seems to be
changing, because in 2015 it increased signifigamiih 11.43%. Behind these facts there could
be the behaviour of not taking risks after a finaherisis or the lack of guarantees for the loans.

9



Table 4: Company debt and its changes

mil. 2010 2011 2012 2013 2014 201%
RON 350.00 335.30  332.50 318.8(0 313.1p 348.90
Harghita| changes —10.08% —420%  —-0.84% —4.1P% -1.79%  1143%
County | other currency 395.40 373.2( 360.80 329.80 302.3D 248.70
changes 3.269 -5.61%  -3.32% —8.59% -8.34% -17[13%
RON 976.71 1091.48 1198.99 1196.34 1221.67 133148
Romanial changes 2.07% 11.75% 9.85%0 -0.22% 2.11% 8.99%
average| other currency 1603.83 1764.59 1748.72 1571.44 1391.70  1288.p6
changes 13.91% 10.02% —0.90%| -10.14%| -11.44%| —7.40%
RON 40 044.90| 44 750.7p 49 158.50| 49 051.6p 50 088.60 54 59070
Romanial changes 2.079 11.75% 9.8506 —0.22% 2.11% 8.99%
total | other currency | 65757.20| 72348.3D 71697.60] 64429.20 57 059.60 52 835/10
changes 13.91% 10.02% -0.90%| -10.14%| -11.44%| -7.40%

Source: National Bank of Romania, own calculations

Based these data, we can conclude that the SMBrdead a low value on long term financing,
the companies finance their activities on shornter

Table 5: Short term finance in total finance — aveage value %

n-2 -1
bankrupt 78.5% 79.7%
healthy 77.3% 78.9%

Source: own calculations

In their article, Altman et al. (2010) mentionedattin the SME sector the working capital is an
important factor in the surviving financial collapsThe big rate of commercial loans or other
short term financing is due to circular debt ancr@asing financial problems (Borszéki, 2008)
which is characteristic to the SME sector in Hatgl@ounty.

The financial failure of a company is due to theklaf cash, this is why we need to analyze cash
flow ratios. In the present research several visatvere calculated. In this part of the paper |
present only those cash flow ratios which involiers term financing, ratios that include total
sales and total assets. The differences betweemithgroups can be seen in the primary results
presented in what follows. The cash flow ratiohe tase of the bankrupt group decreased and
went down to negative values, while the healthyugrehowed an increase over time. This leads
to the conclusion that the bankrupt group preseptasnent problems. The working cash flow
could not be calculated on a two years term bectheselata set did not make it possible. The
difference is still traceable because the workiaghcflow is double in the case of the healthy
group one year before bankruptcy.

Table 6: Average value of the cash flow ratios

Gross CF .
_— 1 Working CF
bankrupt 98 991 -3257 150 098
healthy 290 349 390 659 305 943

Source: own calculations

The gross cash flow rate from total sales shows tihial sales are not enough to pay for
obligations in the case of the bankrupt group @kerage value was negative one year prior
10



bankruptcy). The gross cash flow rate in total saleas 11.93% in the case of healthy
companies’ group and -3.84% in the case of the rogmilgroup. Another important ratio is the
working cash flow rate in short term liabilitieg bigger value is desired because in this way
there is enough cash to pay for short term liabdit The difference between the two groups is
significant. In the case of the bankrupt groupatierage rate was 2.96%, while in the case of the
healthy group the average value was 41.59%.

The return on ratios has also been used in bardyrygrediction. The return on assets (ROA) is
the most frequent indicator from this group. | ¢elsmore variations of ROA to see which the
best predictive variable is.

Table 7: ROA ratio and its changes — average values

% ROA ROA modified
n-2 n-1 n-2 n-1
bankrupt —4.06% —6.00%| -2.59%| -4.56%
healthy 6.56% 11.25% 7.67%| 12.29%

Source: own calculations
Note: modified with tax and tax shield

The changes can be seen in the case of the batpgrohe bankrupt group presents a decrease
in value of the ROA, the other group almost douhiedalue in a one year period.

Result of the logistic model

In my thesis | compared and tested the probabilitankruptcy in Harghita County on SME
data using multivariable statistical models andfiadl neural network models. Since the
dependent variable has two outputs, | have chokenbinary logistic modelling, where 1
represents the bankrupt company and 0 the headtnpany.

The logistic regression modelling was conductedherfollowing criteria:

— The data analysis was made on final data set Wwélnélp of IBM Statistics SPSS software
19" version.

— For finalizing the model, more testing was needgence, | used the FORWARD, the
BACKWARD and the ENTER procedures. In the case BITER procedure, | have
chosen the input variables according to my bebeid | tested their relations and effects. |
was also aware of the multicolinearity of variabl&sulticollinearity is an unwanted
phenomenon in logistic regression, because it ead to mistaken results. According to
Ramanathan’s (2003) opinion this is not always ,tmmelticollinearity can sometimes
improve a model.

— As input, | have chosen 38 financial ratios as jpahelent variables of the models. These
variables were put to primary tests too.

— The input criteria of the model were establishedhat 5% probability value, the output
criteria was established at 10% probability.

— The data set was split to 70% test sample and 38lélodut sample. It is important that in
the case of the test sample, the number of obséemd must be over 50 (Engelman et al.,
2003) in order to apply a multivariable statistiaalalysis. This request has been fulfilled
in the present research.

— The cut value was 0.5, but the model was alsodesteother cut of values, the objective
being the maximization of accuracy (Ooghe—Spaenp&s0).

— The accuracy of the models in the case of firstravas between 58.2% and 75.8%.

The final logistic model is presented below:

11



- 1946-21.134x] - 1383557 - 1197 340,002 14+1 8805
P(bankruptcy) = 1' , Where:

.- 198621 134x - 15,85 53 L19725-0,00224+1 880z

- x1 ROA

- X2 CF/Total sales

- X3 Total sales changes

- x4 Turnover period of accounts payable
- x5 Debt/Total sales

The accuracy of the model was 95% in the caseeofdbt sample and 96.5% in the case of the
holdout sample at 0.5 cut value, which was alsobtb&t value for distinguishing between the
two groups.

Result of the neural network model

For the neural network planning | took in considerathe one and two hidden layers too, with
different number of neurons. The most accurate inads the two hidden layer model with 7
and 5 neurons in each hidden layer. The activdtioetions of the layers were sigmoid. The
learning process was multilayer perception formtHa case of the one hidden layer which
consisted of 3 neurons, we can state that it wa®ad as the model that contained 7 neurons in
the hidden layer. The accuracy of the 20-3-2 neneiwork was worse with 3.1 pp. than the 20-
7-5-2 neural network. The accuracy of the finalraénetwork model (20-7-5-2) was 97.1% in
the case of the hold out sample. The model cordama&inly the debt rate from total sales ratio
as the most important variable.

The results of the models based on principal compent analysis

The new components resulted from principal compbaealysis can estimate better accuracy
than the models with simple ratios. The principahponent analysis (PCA) is a frequently used
statistical method in finance. The advantage oftie¢hod is that between the components there
is no multicollinearity, which is to be avoidedstatistical analysis. As input for the PCA, | used
43 financial ratios from the total list of variablen the first step. The KMO value of the model
was 0.833, which means that the variables coulddeel in principal component analysis. The
components explained 83.78% of the total variaibe. size component (containing the values
that measured the size of the companies) was iomuif if we took into consideration the 0.5
MSA value. However, | still used it for further dysis. After leaving out 3 ratios, since they
presented low sampling adequacy, the model KMOevalareased to 0.860, explaining 79.94%
of the total variance. The remaining 8 componengsewnot satisfactory, so | reran the data
reducing them to 7 components. This step provdiktbetter, because the KMO value changed
to 0.863.

Logistic regression model based on principal compa@mt analysis

For maintaining comparability between the modelkept the same criteria on developing the
logistic regression model based on principal comnepbranalysis. The results show that the
accuracy is slightly better on the models basegramcipal component analysis. The hold out
sample accuracy was 97.1% at 0.5 cut value. Theracy is slightly better than the logistic

regression model which contains only financialasti

The final equation model is the following:

L~ 8.713-5053Tw1- LI0Gawy 141903 - 4084 5g- 0.54655- 2098 55- 033547

P(bankruptcy) = |a B 71350375~ 11083~ 131833~ 4 08%ug- 0 52835 - 2088 5g- 035557 where:
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x1 F1 component; X5 F6 component;

X2 F2 component; X6 V11 1 - total se@leerage assets;
x3 F3 component; X7 F7 component.

x4 F5 component;

Neural network model based on principal component @alysis

The neural network model based on principal compbma@alysis had 45 input neurons (37
financial ratios and 7 components). The data setblegn split as previously to test sample and
hold out sample. At the first tests | took into smeration the one and two hidden layer
networks with different number of neurons. | wantedest the accuracy of principal component
analysis based models as opposed to the modelsdhtdin only simple financial ratios. The
model that contained only the 7 components as iogk one hidden layer had an inferior
accuracy as compared to the logistic regressioreimmhtaining only financial ratios. The final
model based on components had a better accuracyht@ather models.

Table 8: Classification table for neural network malel based on
principal component analysis

Network Test sample Hold out sample
construction|  healthy bankrupt total healthy bankrupt totgl
45-7-2 99.60% 68.80%| 96.50%| 99.30% 81.80%| 97.40%

Source: SPSS output, own calculations

The one hidden layer network had the highest acgururthermore, in these models there
occurred the lowest type | errors (29.21%). If ket into consideration the accuracy of the
models, the area under the ROC curve and the valuai coefficients, we can conclude that
the principal component analysis improves the ptexh power of the models. Table 10 shows
the accuracy values of the 4 models, and as ibeagasily seen, the neural network model based
on PCA has the best predictive power. In this mothed bankruptcy prediction is the highest
(81.80%) in the hold out sample. It must be memtibthat the neural network model containing
only financial ratios had the same accuracy asaistic regression based on PCA. Studying the
area under ROC curve and the Gini coefficients, oaa conclude that the neural network
modelling is superior to the logistic regressiomeTPCA is time consuming if we take into
consideration the time spent on testing and bugldip the model.

Table 10: Accuracy and results of the final models

LR-model NN-model FLR-model FNN-model
testing hold testing hold testing hold testing hold
out out out out
sample sample sample sample
sample sample sample sample
95.00 95.90f 97.10| 95.90( 97.10{ 95.50 97.40
Total sample % | 96.50% % % % % % %
ROC value 0.954 0.964 0.961 0.971
Gini coefficients 0.908 0.928 0.922 0.942
Type |. error 41.60% 24.20%| 36.40%| 24.20%| 35.10%| 24.20%| 31.20%| 18.20%
Type Il. error 0.90% 1.10%| 0.40%]| 0.40%| 0.60%| 0.40%| 0.40%| 0.70%

Source: own calculations
Note: LR — logistic regression model, NN — neural networodel, FLR — logistic regression
model based on PCA, FNN — neural network modeldasePCA.
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The number of type | error is the lowest in theeca$ neural network model based on PCA:
18.20%. In the other models, the number of typadreas the same as in the hold out sample.
After analyzing type Il errors, we can concludetttiee difference in accuracy is almost the
same, although some differences can be seen. Anglilze area under the ROC curve, it can be
concluded that the neural network model based o BG&he most accurate model. This model
has an accuracy of 97.40% in the case of hold ampte. This model is followed by the neural
network model with an accuracy of 97.10% on holtdsample. This result is surprising, because
| have been expecting the PCA based models to e awzurate. As a final conclusion, | can
say that the neural network modelling has a moreirate prediction power than the logistic
regression. Models based on PCA have more accuhacy models containing only financial
ratios.

The present research completes the research of ikmmbankruptcy and financial failure by
testing the accuracy of different models based it Slata sample. Comparing it to the results
of international research, we can say that the Rimabankruptcy research offers wide
opportunities for young researchers. Among artiplgslished in Romanian, the paper written by
Brindescu and Gol€2013) can be considered large data researchnmiEmtioned authors used
the data from Timi County, their final model having 5 variables frahe 11 used in the first
tests. Similarly to our data, the accounts recdesailrnover period is present in their model. In
their conclusions, the aforementioned authors pmintthe importance of working capital in the
prediction of financial failure.

In the prediction of bankruptcy, besides financialratios, the macroeconomic and macro
financial variables can improve the accuracy of thenodel.

A small part represents those articles which argaged in studying the effects of the
macroeconomic and macro financial variables in a@® bankruptcy. The incorporation of the
macroeconomic and the macro financial variables aarporate financial modelling is proposed
by (Hernandez—Wilson, 2013), (Bottazzi et al., 201Blol, 2007). In my research | have also
studied whether the macroeconomic and macro fiahweriables can give a better predictive
power to the models. | calculated the trend coiefficof every variable used in the 7 years data.
These variables were the following: the nationahlisales value, the total sales value of the
county, the inflation rate, the GDP and the medsired credit rate. In the case of the last
variable, | have also calculated the variation otiere and | have used the 7-year trend
coefficient as a variable. | used the total salesational and on county level since | reasoned
that if the SME from Harghita County had more bassrelation inside the county, then the
national total sales variable would not give enopgédictive power. | used a period of 7 years
because | considered it long enough to have predippwer. Longer data set was not reachable.
The data was collected from the Romanian Natiomstitute of Statistics and the National Bank
of Romania. My assumption was that the total shée® a negative influence on the bankruptcy
probability (since in my models the bankrupt SMEevaoted with number 1). | supposed that
the probability for a company to go bankrupt desesaif the total sales of an industry increase.
The same assumption has been made in the case PBf IGI3 expected that if the GDP of a
county is growing, then its effect on the bankrypbcobability will be smaller. In the case of
inflation, literature is divided (Hernandez—Wils@913). There are some authors who claim that
investors will lose the value of their money ovand if inflation is growing. In this case
investors take more risk when investing their mowlych has a beneficial effect, decreasing the
probability of bankruptcy (Qu, 2008). Other spesial claim that if inflation is growing, then
investors would expect the economy to be poor hrsdvwould have an effect on banking credit,
which in its turn would affect corporate loans (&a2013). In the case of credit rates, | expected
that if the rate decreased, it would make invesexpectations become better, also increasing
the entrepreneurial behaviour because of lessycosttits, which can result in decreasing the
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probability of bankruptcy. This assumption had te made carefully as the credit-taking

behaviour of the SME is reduced in Harghita Couritlgis is why | tested only short and

medium-term interest rates. The final variablesehiaeen tested with financial ratios, testing new
models in which the new macroeconomic and macranfiral variables are incorporated (test
result are shown in Table 11).

In what follows, | have used the logistic regressiest model. The macroeconomic and macro
financial variables have been included in the fiogistic model containing financial ratios. The
assumptions made regarding the test have beenltbwihg:

— | have used the ENTER method for testing.

— The input criteria of the model have been estabtisht the 5% probability value, the
output criteria at 10% probability.

— The data set was split to 70% test sample and 30k%b dut sample. It is important to
notice that in the case of the test sample, thebeunof observed items is over 50
(Engelman et al., 2003).

— The cut value was 0.5, but the model has beendtesteother cut of values as well, the
objective being the maximization of the accuracgg@e—Spaenjers, 2010).

The test results from the logistic regression cansbmmarized as follows. Firstly, all the
macroeconomic and macro financial variables hawnbecluded in the original model. The
results turned out worse as compared to the otignadel, and the new variables were not
significant. As a result, |1 have retested the \@des entering them one by one. The final results
and the comparison of the models are shown in Thbldhe same table shows the accuracy of
the test and hold out sample, the area under the B@ve and the GINI coefficient, as well.
The original logistic regression model which consaonly financial ratios is the model 0. The
models which contain the trend of the national andnty total sales (model 1 and 2) have
similar accuracy, but they are superior to the baselel. The national and the county GDP
variable (model 4 and 5) are significant in the elpget they did not improve the accuracy of
the model. The same results occurred in the moolelaming the inflation. Model 8, which
contained the county GDP value and the county &ati@ls, had the same predictive power as the
original model at 0.5 cut value. However, at 0.%% ¢alue, accuracy became better (97.1%,
namely the same accuracy as in the neural netwadteh It must be mentioned that type |
errors did not improve at any of the models. Therast rate variable was not significant in the
models. The inflation variable turned out to bendigant (sig. = 0.003) and the value of beta
was positive (beta value 21.366) showing that fidtaincreases the probability of bankruptcy. |
consider that for further research it would be imgat to test all variables which include the
inflation of different products that represent ghhproportion in different industries. If we look
at the Gini coefficients and the value under theCRfDrve, we can summarize the following: (i)
the most accurate model is the one which incorpsrétte GDP value of the county; (ii) the
macroeconomic and macro financial variables haveomtribution to the improvement of
accuracy of the models.

In the case of neural network models, the resultsed out to be similar. The most accurate
model has been constructed from two hidden layetls wand 5 neurons. The accuracy was
similar to the neural network model based on PG#,tlge ROC value was slightly higher. The
results showed that the most important variablesjde the financial ratios, were the county
GDP and the inflation.

The final model which contains the macroeconomit macro financial variables is represented
below:
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o= 183852 17 AL Dwg - LABTwa+1, 980 wy- 0002n5- 4,957 wg- 1420027
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P(bankruptcy) = ] , Where

x1 — ROA

x2 — CF/total sales

x3 — growth of total sales

x4 — debt rate to total sales

x5 — accounts payable turn on period
X6 — total sales trend of the county
X7 — GDP trend of the county

After carrying out the testing, my conclusion iatthbesides financial ratios, macroeconomic and
macro financial variables can improve the accuacthe bankruptcy prediction models. Those
variables which can be linked to the activity ofiadustry have a bigger effect on the models. In
the case of neural network models, the accuracyawea slightly but the relative importance of
macro variables were not significant.
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Table 11: The influence on macroeconomic and macifmancial variables on the logistic regression mode

cut value = 0.5 Model O Model 1 Model 2 | Model 3| Model 4 Model 5| Mdel 6 | Model 7 | Model 8
. . . S ) 5 5 5 financial
5 financial | financial ' ) 5 . . i ) :
. : 5 5 financial | ,. . financial | financial ratios +
5 ratios + ratios + f . . financial ! i
) ) . . inancial | ratios + ) ratios + | ratios + county
Variables financial | national county : . ratios + | . . .
. ratios + national interest | inflation GDP and
ratios total sales| total . ) county
inflation GDP rate rate total sales
trend sales GDP
trend yearly trend
trend
Nagelkerke R 0.683 0.703 0.701 0.702 0.704 0.706 0.702 0.698 0.717
Hosmer—-Lemesow test 0.653 0.976 0.603 0.889 0.942 0.938 0.963 0.868 0.843
Test healthy 99.109 99.10%| 99.00%| 99.00% 99.30%| 99.10%| 99.30%| 99.30% 99.40%
sample bankrupt 58.40% 63.60%| 63.60%| 62.30% 62.30%| 62.30%| 61.00%| 61.00% 63.60%
total sample 95.00% 95.50%| 95.40%| 95.30% 95.50%| 95.40%| 95.40%| 95.40% 95.80%
Hold healthy 98.90% 99.30%| 99.30%| 97.80% 98.60%| 98.60%| 98.60%| 98.60% 98.90%
out bankrupt 75.80% 75.80%| 75.80%| 75.80% 72.70%| 72.70%| 72.70%| 75.80% 75.80%
0,
sample | total sample | 96.50%| 96.80% | 96.80% | 95.50% | 95.80% | 95.80% 95.80%  96.100% 9%61580/?
ROC curve 95.4% 95.4% 95.3% 95.7% 96.0% 96.0% 95.9% 95.7% 95.8%
Gini-coefficient 0.908( 0.9080 0.9060| 0.9140 0.9200 0.9200| 0.9180| 0.9140 0.9160

Source: SPSS output, own calculations

"Changing the cut value to 0.55 improved the acguo@the hold out sample to 97.1%.




3. NEW RESULTS
Based on my research, | have formulated the foun negults below:

1. Thesize of the SME in Harghita County does not influence the probability of financial
failure or bankruptcy of companies. Company size is not a significant variable from
the point of view of bankruptcy.

This assumption is based on a number of reasommp@ues with high asset value can get
financing easier and on lower costs as opposed/it. Ihe ‘too big to fail’ principle is valid in
the company sector as well. The assumption isdased on the test results too. None of the size
variables had major influence or were significdntthermore they did not improve any of the
models. In the case of PCA, variables did not rebeh0.25 MSA value which means that they
did not correlate with any other factor. Howevenided them in the PCA analysis, logistic
regression models and neural network models, ydt mo significant result. In many cases,
results referring to the size of the company waersignhificant, while the variables were
significant only in a proportion of 10%. The relaiimportance of size variables was low in the
case of neural network models.

In the literature it is often disputed whether tige of a company, as variable, influences
bankruptcy or financial failure. There are a numiferesearchers who claim that the size of the
company influences bankruptcy probabilities, wiolkers think that there is no relation between
them. | think that size is relevant only when a pamy grows over a point and its structure is not
effective, furthermore no changes are made anédbromic downturn starts. The size must be
handled differently in the case of SME and corpor&t In the case of corporations the control
is more severe and the risk of bankruptcy is lovilenmy research | have come across many
articles in which the sample was not divided intdESand big corporations and the authors
found the size as a significant variable for bapkecy prediction.

2. The bankruptcy of the SME in Harghita County can be predicted by analysing the
working capital and financial ratios which are related to this, such asthe turnover rate
of accounts payable and accounts receivable. The cause of the bankruptcy of some
SME in Harghita County iscircular debt.

After running several models during the researois, hypothesis became true. The bankruptcy
of the SME in Harghita County can be predicted gidinancial ratios related to working capital
and to short term financing. These ratios have jmiapact on the prediction accuracy as well.
Many international researchers who studied the hgn&y and financial failure of SME claim
that the working capital and its financing are kita my opinion, this is true also because the
SME sector of the county does not finance its dgtiwith long term debt, contrary to other
companies. The bank loan in the county is insigarft as compared to the value of the national
average in 2015 (only 0.56% of loans from the totaintry loan).

The gross loan value of the SME sector decreasasiarage with 4.30% in the period between
2010 and 2015, while in the country the averagaevafl the company loans increased by 0.50%.
The final results of the models described showstirae facts. The variables in these models are
related to working capital or to turnover times.alhfour models the accounts payable turnover
period is preset, while in the neural network modilthree turnover period variables are
considered important in predicting bankruptcy. he PCA based model the working capital
component is determinant in the model.

My assumption that the SME sector in Harghita Cpusitcharacterized by circular debt turned
out to be true. One of the facts that must be moeetl here is the sign of the rate of total sales to
total assets, which turned to be exactly the opp@s expected. Following a closer analysis, it
turned out that more than half of the bankrupt canigs have their sales in accounts receivable.
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Two years before bankruptcy the accounts receivedike from total sales was 47.37% in the
case of the bankrupt group. This value deteriortaegR.22% one year before bankruptcy. If we
compare to the healthy group, we can see that taosybefore the base time, the same variable
had a value of 21.59% and the value decreased 24 %0

3. The bankruptcy prediction models based on principal component analysis are more
reliable than models based on simple financial ratios.

The accuracy of the models can be compared withh#ip of the ROC area and the Gini

coefficient. We can conclude that the neural neltwoodel based on PCA is the most accurate.
The accuracy of the hold out sample turned outedB.40%. In this model there was the
smallest number of type | errors. We must mentiat the neural network model based only on
financial ratios turned out to be better than tbgidtic regression model based on principal
component analysis. ¢ian definitely be concluded that the PCA had irsedahe predictability

of the models, yet this increase in accuracy wad back by the long testing and preparing of
the data.

4. In the prediction of SME bankruptcy the macroeconomic and macro financial
variables can give a better accuracy to the models.

Beside the basic logistic regression model, thectdfof economic and macro financial variables
have been tested. | used a 7-year trend coeffigsniariable for the national GDP, national
industry total sales, county GDP, county induswoalt sales, inflation and interest rate for
medium term. As expected, it turned out that tree2macro economic variables that improve
the accuracy of the models. It was shown thataled sales based on county industry data have
an impact on model accuracy. The county GDP trésal improved the accuracy of the model.
In conclusion, the macroeconomic and macro findn@aables slightly improved the logistic
regression model. In the case of neural networik, ithprovement was not obvious from the
results. The accuracy was the same and the resultgected to type Il error were slightly better.
However, among the variables only the county GDBQO®) and the inflation (0.347) relative
turned out to be significantly important.
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4. SUCCESSIONS AND RECOMMENDATIONS

Based on the review on relevant literature and gogpiresearch based on SME data from
Harghita County, | have formulated some successaaodsrecommendations for further research.
Research on bankruptcy has become more and moogtanpnowadays for creditors, economic
decision makers and commercial partners as wele&eh on bankruptcy and financial failure
is still underrepresented in Central and Easterrog®) and this is true to Romania too. The
situation could be easily improved if financial @atould be open sourced for researchers. A
major part of articles have been based on big campiata, while the SME sector has been
neglected. Most articles are still searching fa blest ratios and more accurate models (Altman
and Hotchkiss, 2006). This is true in Romania, Wibat is more, both SME financial modelling
and research in this field need more attention.

In the future | consider it important to look foorapany datasets which contain information
about companies that went financially distressetdsbwived over time. It would be interesting
to see which ratios changed, what the causes whette the company survive the financial
collapse were and whether they are still activeradtperiod of three years. Which are the ratios
that changed between the two groups, what couldilplgsaffect them? Which are the factors
that powered up bankruptcy? | am sure that compameHarghita County do not make
decisions on a planned strategy; the financialmpfenand the ability of modelling the decision
from a financial point of view are still missingam also interested to observe how the lack of
planning, as a habit, affects bankruptcy.

It is equally important to study the companiesha grey zone and their characteristics. In my
opinion, in this case the financial ratios can bedly separated between the two groups. They
need a more complex and dynamic modelling. Thus,ned for data is much deeper. In the
prediction models variables which characterize rgangent habits or variables that can measure
the decision effects must be incorporated. Thisetgb data could be obtained only from
interviews. These variables could improve the aamcyirof models. The use of variables
connected to management behaviour types can ajg@wa accuracy. There have already been
attempts to use such variables, such as Laitineh Suwvas (2016) who claim that, beside
financial ratios, leader and cultural charactessstian improve accuracy.

In my research on available literature, it hasedrolear that new model developing with higher
accuracy can be obtained only if, beside finan@tbs and macro economic factors, the model
is upgraded with soft variables. Models must inelather factors which come from outside (e.g.
economic trends, regional conditions). Accuracy ¢enalso improved by including other
internal factors (e.g. financial politics, strateggpd others) (Katits, 2010). Making a model
general, it results in losing its accuracy capgpilit is equally important to carry out research
involving companies on regional level. This coudgdult in creating better models. These models
should incorporate variables that show the econamdependency in the activity of a company,
the independency of these companies from cert@inauic centres.

A considerable amount of research in model buildings not take into consideration the shock
effect of the economic crisis. The incorporatiortiofe series could be important, yet they must
be taken into account carefully: time series must Ime split erroneously and data should

characterise the economic fluctuation as a whois.ihteresting to see models resulted after and
before an economic crisis. The results can pointtloei cause of the bankruptcy of SME. The

models can react differently if they contain valesbwhich characterise the economic crisis. Its
shock has different effects in each industry, tiney must be treated separately.
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The accuracy of financial failure models is sitdabelow the result of bankruptcy prediction

models. This is due to the structure of financiallgtressed companies which appear in the
sample. Many publications neglect the fact that gannes facing financial failure and those

going bankrupt are part of the same data sampldindincially distressed companies are

overrepresented in the data sample, the resuldchdw similarities with companies from the

healthy group. Consequently, this can lead to aedee in accuracy. As a result, the financially
distressed sample must be divided into successfui¥éng and bankrupt groups.

Bankruptcy prediction models can be improved witdriables that characterize the activity

diversification of a company. If a company is prasd in more than two markets the probability
of going bankrupt is lower. Another variable colble the quality of a supplier. If the supplier

depends heavily on a market, the probability ofkpaptcy is higher. In order to achieve these, a
more dynamic modelling is needed, completed wislulte from interviews.
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