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Abstract:

Our main research topic is the analysis of leading companies in the Hungarian meat
processing industry in terms of liquidity criteria. We examine this scientific subject by
application of financial indicators and several important bankruptcy forecasting models. In
our thesis the emphasis is placed on the presentation and evaluation of business failure
models.

The topicality of the research subject is rooted in the economic crisis and recession, which
made solvency a key issue. Maintaining the competitive position in the market and the
ability to stay in competition depend on the capability to generate an appropriate level of
net operative cash flow.

The most important research questions are the following. Which financial methods can be
used to predict and estimate the situation when a company is facing bankruptcy? Do
bankruptcy forecasting models provide accurate forecasts and what conclusions can be
drawn based on these results?

In our study we present the actual economic situation and the main problems of the sector,
select the sample companies, calculate and compare the applied financial ratios and the
most relevant bankruptcy forecasting models. On the basis of annual reports concerning
2010-2013 interval we investigate the financial position of leading pork processing
companies. We make a comprehensive and comparative analysis concerning capital
structure, liquidity, and profitability; consequently identify risky processes and companies
having high probability of insolvency. Finally, we demonstrate and evaluate the results of
three traditional bankruptcy forecasting models (Altman, Springate, and Fulmer) and four
modern models (DA, LR, industrial DA and industrial LR).

Keywords: financial analysis, bankruptcy models, meat processing industry, Hungary
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1. Introduction and research question

The main research topic of this paper is comprehensive and comparative analysis of
leading companies in the Hungarian meat processing industry in terms of liquidity criteria.
This scientific subject is examined by using specially selected financial indicators and the
most relevant (traditional, modern and industrial) bankruptcy forecasting models. The
topicality and novelty of the research field and applied methods can be substantiated by
the fact that solvency became a key issue during economic crisis and recession.
Maintaining the competitive position in the market and the ability to stay in competition
depend on the firms’ capability to generate an appropriate level of net operative cash flow.
The most important research questions are the following:

e Which financial methods can be used to predict and estimate the situation when a
company is facing bankruptcy?

e s the complex analysis of financial indicators appropriate and sufficient to evaluate
liquidity situation, probability of insolvency and bankruptcy situation in the selected
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special field of Hungarian food-processing industry suffering from several
insolvency problems?

e Do business failure models provide accurate forecasts, and what conclusions can
be drawn based on these results?

First of all, we review the major economic and financial process in this industry. Special
problems of Hungarian pork meat industry is analysed in detail by Bartha (2012). The
study lists four main points as the sources of the problems: lack of capital and marketing,
separation of land ownership and farming and continuous changes in consumer habits.
She points at weak creditworthiness, solvency and financing problems. Consequently, this
sector is in a situation where there is no possibility for investment, product development
and innovation. High VAT (27%) effective up till January 2014, the official fees and
compliance with animal welfare and environmental standards together caused the
formation of the sector's black economy. Additional problems are caused by the decrease
of pork population. According to the Hungarian Central Statistical Office Journal, so-called
Statistical Mirror, the pig population in 2014 is approximately only 70% of the 2004 level
(Statistical Mirror, 2014. Volume VIII., Issue 15., Figure 2). Other problems are the reduced
domestic demand, and the one-year Russian export ban put into force in 6 August, 2014.
These processes mean economic and industrial background that is essential to assess the
financial performance of the selected companies.

The database was defined on the basis of the main activity of companies. Among the
activity codes of Hungarian Central Statistical Office we selected the "1011'08 Meat
Processing and Preserving (Main activity)" code of NACE. Currently, 325 companies are
listed for this industry in the so-called Opten corporation information database. We used
annual reports of all the 325 companies in order to calculate industry rates for applying
modern industrial bankruptcy forecasting models.

We selected the research sample according to the following criteria: same activity (pork
processing and trade), similar product structure (salami, chitterlings, ham and bacon, etc.),
annual report format, and average revenue level over 1 bilion HUF. Based on these filter
conditions we identified nine market leader companies — which have the largest revenue —
as research sample, and denoted them as follows (according to revenue level of 2012):
1,2,3,4,5,6,7,8,9.

Table 1: Revenue, operating profit and net profit of 2012 concerning the sample
Data/Company 1 2 3 4 5 6 7 8 9
Revenue 17655 | 13657 | 11148 5505 4944 4781 4126 2204 1048
Operating profit | -1756 | -1281 362 | -1183 -566 420 20 49 -73
Net profit -2260 | -1795 241 | 1214 -614 446 0,6 52 -74

Source: own data collection from www.e-beszamolo.kim.gov.hu and Opten corporation
information database (data in million HUF)

Publication of the name of these companies might strongly affect their competitive position,
so we chose anonymity. We constituted a control group containing companies 2 and 5
which are already insolvent in practice (bankruptcy and liquidation proceedings are
pending). Research methods were applied for the 2010-2013 interval except the control
group, because in this case the liquidity problem limited the comparability of data, so we
used the methods for only 2010-2012 interval. We analysed the companies from property
and financial point of view and by application of seven bankruptcy forecasting models.
Firstly, three traditional models (Altman, Springate, Fulmer) and then four modern models
were run down (discriminant analysis (DA), logistic regression model (LR), and industrial
adjusted version of DA and LR). Our most important research question is: are bankruptcy
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models able to provide additional information in this industry or does they simply confirm
the probability of insolvency situation derived from the comprehensive financial analysis
concerning the riskiest firms of the sample?

2. Methodology and literature review

During the first phase of the research complex financial analysis was performed. To select
the indicators and to verify the further analyses methodology of Droj (2012), studies of
Rézsa and Talas (2012), Rézsa (2014a and b) and book of Virag and Fiath (2010) were
used. These research projects also apply complex financial analysis methodology in
sectoral approach by using well-selected index series. These publications fulffil
comparative financial analysis based on combined analysis of capital structure, balance
sheet-based and cash flow-based liquidity position, and traditional and/or modern
indicators of profitability.

Firstly, we investigated the risks in balance sheet and capital structure: we calculated
indebtedness ratios, and analysed the proportion and content of short-term liabilities; so
the financial risks were identified. Then the financial solvency situation was analysed on
the basis of Tarn6czi and Fenyves (2011) and the above mentioned publications. After that
the overall liquidity ratio, the quick ratio and change of operating cash flow/ short-term
liabilities values were examined. Finally, we calculated profitability indicators such as
return on sales (ROS), return on assets (ROA), and return on equity (ROE) which are
uniform in the domestic and international literature. By comprehensive and comparative
analysis of these companies we identified the riskiest ones. We focused on the
corporations, where all of the main types of indicators signed a potential of insolvency
situation.

During the second phase of the research we had to select from the bankruptcy forecasting
models. Thereinafter, we describe the types and development of the different bankruptcy
forecasting models forming the basis of this research. Imre (2008) examined 126 models,
and classified them according to their methodology and developmental periods. Bellovary
et al. (2007) also chronologically compared the main bankruptcy models from 1930 to
2007. According to the authors four stages can be distinguished in the development of the
evolution models:

0. The period of conception of bankruptcy research (1931-67)

This period did not result in bankruptcy model in modern sense; it was more the
examination of the bankruptcy as an economic forecasting event; so this period can be
regarded as an initial stage.

Studies of Ramser, Foster, Fitzpatrick, Winakor, Smith as well as Merwin and Beaver
belong to this stage.

1. The period of discriminant analysis (1968-79)

According to Imre (2008), this period can be characterized by the name of Altman (the

first model developer) and by spread of discriminant analysis. Although univariate

analysis still occurred, discriminant analysis clearly became the dominant methodology.

The most remarkable researchers of this period are: Altman and co-authors, Deakin,

Blum, and Edmister.

2. The period of logistic regression penetration (1980-1989)

The logistic regression concepts were introduced in the methodology of bankruptcy

forecasting models by Ohlson. This method quickly spread, and it is one of the most

frequently used modelling methods up till now; it can be considered as ,best practice”.

Among others, Ohlson, Pantalone, Zavgren, and Keasey created models by using logit

method (Imre, 2008; Imanzadeh et al., 2011)
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3. The period of appearance of artificial intelligence (from 1990 to our days)

The artificial intelligence is represented by neural network technology in bankruptcy
literature. In 1990 Odom and Sharda introduced this technology, and today it is the
most important topic in methodological research of bankruptcy models. Most of the
research suggests that results and predictive power of neutral networks is better than
that of the models which use former methods. Models based on neural networks have
been developed for example by Odom and Sharda, Coats, Fant, Back and co-authors,
Olmeda, Fernandez, Kiviluoto, Laitinen (Racz, 2012).

Some important studies concerning practical applications of the bankruptcy models have to
mentioned, too. Imanzadeh et al. (2011) reviewed business failure literature since the
1930s. The authors compared the Altman model variants and logistic regulations, and
finally they used the Springate and Zmijewski model for the selected firms of the Tehran
Stock Exchange. After a comprehensive literature review, Pervan et al. (2011) applied
discriminant analysis (DA) and logistic regression (LG) methods by using canonical
discriminant function coefficients for Croatia’'s 156 companies. Boritz et al. (2007)
emphasized that most of the experts generally prefer business failure models of Altman
(1968) and Ohlson (1980). However, Altman and Ohlson models were developed using US
data thus data fitting problems occurred for Canadian researchers working with domestic
data. Moreover, the business environment in US and Canada has changed in the more
than twenty-five years since the Altman and Ohlson models were estimated. Boritz and his
co-authors applied three Canadian bankruptcy prediction models made by Springate
(1978), Altman and Levallee (1980), and Legault and Veronneau (1986). Results of these
models were compared to that of Altman and Ohlson models to express the robustness of
all models over time and to investigate applicability of the Altman and Ohlson models in the
Canadian economic circumstances (Boritz et al., 2007). Finally, Fenyves and Nagy (2014)
examined the importance of business failure models in controlling accounts toolbars from
theoretical point of view.

3. Results

3.1. Analysis of financial indicators

Before investigating the results of bankruptcy forecasting models it is important to examine
the financial situation. First, capital structure of the company is investigated, and then we
analyse the liquidity situation using balance sheets and cash flow statements. Concerning
property investigation, we analysed asset and capital structure including main group of
balance sheet/total assets or sources and internal structure. We focused on the indicators
of total liabilities/total assets (Debt/Assets) and short-term liabilities/liabilities (STL/Debt).
We considered a company to be risky if its indebtedness ratio is high (over 70%) and if the
short term credits ratio is also high.

According to these criteria, we concluded that the control group (firms 2 and 5) and the
companies 1, 3 and 4 are the riskiest ones on the basis of the capital structure.

Table 2: Capital structure of the control group concerning selected indicators

Companies 2 5

Year 2010 2011 2012 2010 2011 2012
Debt/Assets 88% 96% 79% 65% 70% 166%
Short term liabilities/Debt 39% 46% 48% 67% 72% 100%

Source: calculated by the authors using annual reports
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Table 3: Capital structure of other risky firms of the sample

Companies 1 3

Year 2010 | 2011 | 2012 | 2013 | 2010 | 2011 2012 | 2013 | 2010 | 2011 | 2012 | 2013

Debt/Assets | 75% | 75% | 73% | 62% | 21% | 34% | 49% | 70% | 75% | 123% 74% | 75%

STL/Debt 84% | 90% | 80% | 81% | 100% | 100% | 100% | 88% | 81% | 45% | 100% | 81%

~ Source: calculated by the authors using annual reports

After examining the capital structure we focused on exploring the liquidity situation of these
firms. Applying standard definitions of international literature we used the general liquidity
ratio, the quick ratio, the loan-to-pointer and net working capital indicators, and then the
ratio of operating cash flow (OCF) and short-term liabilities (STL).

Table 4: Liquidity situation of the control group concerning selected indicators

Companies 2 5
Year 2010 2011 2012 2010 2011 2012
Quick ratio 0,46 0,67 0,83 0,22 0,19 0,10
OCF/Short term liabilities 1,3% | -13,1% 8,6% 11,4% -1,7% 5,6%
Source: calculated by the authors using annual reports
Table 5: Solvency situation of other risky firms of the sample
Companies 1 3 4
Year 2010 | 2011 | 2012 | 2013 | 2010 | 2011 | 2012 | 2013 | 2010 | 2011 | 2012 | 2013
Quick ratio 039| 031| 026 | 040| 0,72 | 055| 052 | 036 | 043| 047 | 034 | 043
OCF/STL 10%| 4% | 1% | -14% | 97% | 09% | 0% | -1% | -12% | 79% | -61% | -14%

~ Source: calculated by the authors using annual reports

In terms of liquidity the final conclusion is that companies 1, 2, 3, 4 and 5 are the riskiest
ones according to balance sheet based indicators. Summarising the capital structure and
solvency ratios it can be stated that the riskiest companies are the member of control
group (companies 2 and 5) and firms 1 and 4. Moreover, we identified two companies of
fluctuating financial risk. In our opinion company 3 may have serious solvency problems in
the future, consequently, it is important to test the potential insolvency situation by using
business failure models. In the case of firm 9 the selected indicators sign reasonable
situation, so our expectation is that bankruptcy prediction models will suggest solvency
situation.
According to the comprehensive and comparative financial analysis, our preliminary
expectations concerning the expected results of seven different business failure models
are the following.

e The control group (firms 2 and 5) will represent insolvency situation for every year
by every model.
In the case of companies 1 and 4 insolvency situations are also expected by the
results of selected bankruptcy forecasting models.
In our opinion, company 3 will probably show insolvency according to the three
traditional bankruptcy models, but we think that modern models might indicate
different results.
In case of firm 9, in accordance with the advantageous capital structure and
balance sheet based ratios, we expect that all of the models will show solvent
situation.
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3.2. Analysis of bankruptcy models

Altman created his model in 1968, and he determined this model's cut of point at 1.23. It
means that a cut-off point (Z) less than 1.23 indicates that the company is bankrupt; if the
value of Z is between 1.23 and 2.90, the company faces to uncertain future; and if the
value of Z higher than 2.90, the company is solvent (Virag et al., 2013). The riskiest firms
where we expected insolvency on the basis of business failure models were companies 1,
2, 4 and 5. This hypothesis was confirmed except company 2 that were listed in the grey
zone in all the three years. In case of company 3 we supposed insolvency according to the
traditional models, however, according to Altman’s model this company was in grey zone
at this time. Surprisingly, the company 8 was classified in uncertainty zone by Altman’s
model, although it had not been expected on the basis of comparative financial analysis.
All the companies not mentioned in this paragraph were classified in solvent category by
the model. So thus company 9, too, about which we did not have definite expectation.

Using financial data of Canadian industry companies Gordon Springate created his
bankruptcy forecasting model based on discriminant analysis in 1978 (Boritz and Kennedy-
Sun, 2007). The model cut off point value is 0.862, consequently, if Z value is less than
0.862 the company is classified as insolvent. We expected insolvency for the control group
(companies 2 and 5) and for companies 1 and 4. Our expectations were confirmed. For
company 2, however, the model supported our assumption only in the year 2010. For
company 9, which we defined uncertain and risky based on financial analysis, the model
indicated insolvency in 2011 and 2012. Although Altman’s model did not show bankruptcy
for this company, it noteworthy that it showed poor financial figure and ratios in last three
years. But in case of company 3 — which can be regarded as disadvantageous on the
basis of capital structure and liquidity — the model shows solvency in the examined three
years. Another surprising conclusion is that the Springate model indicates insolvency in
2010 for company 8, although financial analysis produced excellent results for this firm in
the whole investigated interval.

According to Virag et al. (2013) the Fulmer-model was finalized in 1984. This model uses 9
indicators. The model determines H value as the cut-off point; the company is solvent if it
is higher than 0. Unfortunately, the model could not be run for several companies because
of logarithmic formula could not be calculated in the case of negative operating income
(concerning company 1, 2, 5, 7, 9). In accordance with the expectation company 4 was
predicted to be insolvent by the model. However, company 8, which could not be
considered to be risky on the basis of its capital structure or liquidity, is indicated as
insolvent by the model. Because three models suggested at least a partly insolvency
situation for company 8, contrary to the results of complex financial ratio investigation, it
seems that even traditional bankruptcy forecasting models may provide additional
information comparing to the conclusions derived from financial analyses.

The discriminant analysis model was made by Hajdu and Virag (1996) based on indicators
deriving from balance sheet data of 1991. The cut-off point value is 2.61612, and the
classification accuracy is 77.9%. Using this model, companies 1, 3, 4 and 8 could be
considered to be insolvent. Results concerning companies 1 and 4 are in accordance with
that of the other models; similarly, company 3 was proved to insolvent by the Fulmer and
Altman models, respectively. In cases of company 2 and 5, however, where the financial
analyses showed a high risk of capital structure and liquidity, results of the bankruptcy
prediction model did not meet our expectations. Surprisingly, company 8 showed
insolvency according to this model, too. This result also supports our earlier opinion that
additional information can be obtained by using business failure models.

The logistic regression model's cut-off point is 0.525. Companies having a value higher
than the cut-off point value belong to the insolvency group; otherwise, it is a member of the
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control group (Virag, 2004). Results coming from using this model results are very similar
to that of the Fulmer model. It is not surprising, because both models based on logistic
regression. According to this companies 1, 2, 4 and 5 are insolvent. Only this model
indicated company 2 as insolvent. Company 5 was classified as insolvent by every model
except the Fulmer model, and this confirms risks detected by the financial analysis. These
results are supported by the fact that the company 5 is currently under liquidation in
practice. The model indicated insolvency for companies 3 and 9, too. This model also
showed insolvency for company 8 although it could not be considered to be risky on the
basis of financial indicators.

Hungarian experts, Virag and Kristof identified six indices for industry indicator adjusted
discriminant analysis. The cut-off point is 1.06252. Using the industry average adjusted
financial indicators in the equation a Z value can be obtained. If it is higher than 1.06252,
the company is classified as insolvent, otherwise as solvent (Kristof, 2005). We calculated
the industry indexes considering the overall industry data series. Annual reports data of
325 companies were used, which were downloaded from the Opten system. Based on this
model, number of the insolvent firms reduced, and companies 4, 5, and 8 would become
insolvent in the future. It is noteworthy that results of company 8 is excellent on the basis of
financial analysis concerning liquidity, however, the industry indicator adjusted discriminant
analysis indicated insolvency for it. Furthermore, in the case of the company 1, contrary to
most of the models, this one did not indicate insolvency. Similarly, neither company 3 nor
company 9 did show bankruptcy, although these firms were generally uncertain.

Value of cut-off point of the industry indicator adjusted logistic regression model is 0.48; if
this value is greater than 0.48, the company classified as solvent. Based on our
calculation this model has proven to be the most permissive one because this model
occurred least insolvency in results. The outcome of this model is the following: companies
2, 4, 5 show insolvency situation. Common result of the indicator adjusted models is that
companies 1, 3, 6, 7, and 9 are solvent firms. In all cases the absolutely solvent one is firm
6, and firm 7 has also relatively safe operation.

4. Conclusions

Performing the detailed calculations of selected business failure models we concluded that
companies 1, 4 and 5 have the highest probability of insolvency. Companies 2 and 3 are
uncertain, and firms 6, 7 and 9 can be regarded as solvent.

Table 5: Results of bankruptcy predicition models

1 2 3 4 5 6 7 8 9
Altman Insolvent Uncertain Uncertain Insolvent Insolvent Solvent Solvent | Uncertain | Solvent
Springate Insolvent Solvent Solvent Insolvent Insolvent Solvent Solvent Solvent | Insolvent
Fulmer Undefined | Undefined Insolvent Insolvent Undefined Solvent Undefined | Insolvent | Undefined
DA Insolvent Solvent Insolvent Insolvent Solvent Solvent Solvent | Insolvent | Solvent
LR Insolvent | Insolvent Insolvent Insolvent Insolvent Solvent Solvent | Insolvent | Insolvent
Industrial DA Solvent Solvent Solvent Insolvent Insolvent Solvent Solvent | Insolvent | Solvent
Industrial LR Solvent Insolvent Solvent Insolvent Insolvent Solvent Solvent Solvent Solvent
Consequence | Insolvent Uncertain Uncertain Insolvent Insolvent Solvent Solvent | Insolvent | Solvent
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Source: own calculation using annual reports and total industrial data series downloaded
from Opten corporation information system and www.e-beszamolo.kim.gov.hu

Our expectations deriving from the complex financial analysis were confirmed in the case
of firms 1, 4 and 5. Bankruptcy prediction models supported the risk of insolvency situation
revealed by ratio investigation as well. According to financial analysis we regarded
insolvency situation as probable for firm 3, but we felt running down bankruptcy prediction
models necessary to refining future prospects. According to our results, it is not obvious
that firm 3 will bankrupt, thus the company fell into grey zone.

Moreover, our expectation was also verified in the case of company 9. However, we could
not support our preliminary conception concerning company 2. The results of the
bankruptcy forecasting models did not provide clear answer to the current insolvency,
although the company is recently under liquidation. Thus, it is imaginable that company 2
can arrange a mutually acceptable payment condition for itself and its suppliers.

Finally, it can be stated, that bankruptcy forecasting models can provide additional
information comparing to conclusions coming from comparative and comprehensive
financial analysis. In one case, the results of models did not indicate the risks suggested
by financial analysis (company 2); while in another case, the financial analysis indicated
normal financial conditions, but majority of bankruptcy forecasting models referred to
insolvency risk (company 8). Therefore, the bankruptcy forecasting models are also useful
to identify short-term risks; consequently, they draw attention to the necessity of more
efficient control of short-term solvency processes.
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