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This master’s thesis studies the probability of bankruptcy of Finnish limited liability 

companies as a part of credit risk assessment. The main idea of this thesis is to 

build and test bankruptcy prediction models for Finnish limited liability companies 

that can be utilized in credit decision making. The data used in this thesis consists 

of historical financial statements from 2112 Finnish limited liability companies, half 

of which have filed for bankruptcy.  

 

A total of four models are developed, two with logistic regression and two with 

multivariate discriminant analysis (MDA). The time horizon of the models varies 

from 1 to 2 years prior to the bankruptcy, and 14 different financial variables are 

used in the model formation. The results show that the prediction accuracy of the 

models ranges between 81.7% and 88.9%, and the best prediction accuracy is 

achieved with the one year prior the bankruptcy logistic regression model. However 

the difference between the best logistic model and the best MDA model is minimal. 

Overall based on the results of this thesis it can be concluded that predicting 

bankruptcy is possible to some extent, but naturally the results are not perfect. 
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1. INTRODUCTION 

Predicting bankruptcy has been, and probably is going to be, one of the main areas 

of interest in the field of financial research. Especially in these economically 

challenging times, the possibility of bankruptcy is a relevant subject not only to 

academic scholars, but also for different kinds of players in the economy. Naturally, 

this is due to the fact that predicting bankruptcy is a part of credit risk assessment, 

which has lots of different utilizations in the business world. For example, individual 

companies need to evaluate the credit worthiness of their commerce counterparties, 

banks and other financial institutions need to assess their portfolio’s credit risk to 

meet the rules and regulations of the risk management, and every single company 

in the world must control their cash flows so they can meet their liabilities, which, in 

a broader perspective, is also in connection with the possibility of bankruptcy.   

In this master’s thesis the probability of bankruptcy is studied as a part of the credit 

risk assessment process. The main focus of this thesis is in predicting the 

bankruptcy of Finnish private companies. The motivation for this study arises from 

two different factors. First of all, even though academic research of bankruptcy 

prediction is somewhat comprehensive, there is only a limited number of studies 

concentrating on Finnish companies. Moreover, academic studies concentrating on 

Finnish companies, such as Back et al. 1996 and Laitinen & Laitinen 1998, are 

already obsolete and use limited data sets. These studies are also more focused on 

the theoretical side of forming models of bankruptcy than on the practical side of it, 

which is in the scope of this research. Due to these facts, there is an obvious gap in 

the academic research and this master’s thesis contribute to that gap. The second 

source of motivation for this study arises from the practical applications of the credit 

risk assessment and particularly from the bankruptcy prediction point of view. The 

author currently works in a company where a different kind of applications of the 

bankruptcy risk prediction models is the main area of interest, which gives an extra 

incentive to conduct this research. 
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The need for such credit risk applications derives mainly from two different sources. 

The first one is the rules and regulations set for the banks by the Basel Committee 

on Banking Supervision (BCBS). The 11th principle in the management of credit risk 

guidelines by BCBS states that “Banks must have information systems and 

analytical techniques that enable management to measure the credit risk inherent 

in all on- and off-balance sheet activities”. It also stresses, in the clarification of 

principle 11, that measurement of credit risk should take account of “the potential 

for default based on the internal risk rating”. (BCBS 2000) 

The second source of need for bankruptcy prediction applications are companies 

that do not need prediction models because of the regulation, but rather because of 

the business they are operating in. For example, companies like Finnvera, Euler 

Hermes and Neste Oil are dealing with credit risk every day, and the need for 

different kinds of credit risk applications is obvious. The desired outcome of this 

master’s thesis is a bankruptcy prediction model that can be utilized to predict 

bankruptcy among Finnish companies. 

This research is conducted quantitatively and uses statistical methods. The raw data 

used in the empirical part consists financial statement information and information 

from the bankruptcies of 2112 Finnish companies. These financial statements are 

used to calculate financial ratios, and also in some parts as input figures. The data 

set is from the year 2007 to 2011 and is divided so that the financial statements are 

from 2007 to 2010. The information about bankruptcies is from 2009 to 2011. This 

time horizon should provide a wide enough time frame so that different estimation 

periods can be used to build and test the models. The fact that makes this time 

period challenging is the financial crises that fall inside the sample. In times of 

financial distress, the rate of bankruptcies is naturally much higher than in other 

times, especially among the small and medium sized companies. Therefore, the 

base frequency of bankruptcies might be higher than normal, and the anomaly 

needs to be controlled when conducting the empirical part of this research. In this 

study the controlling is done with pairwise selection of the data, which neutralizes 

the higher base frequency.  
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The aim of this master’s thesis is to answer to the question: “Is it possible to predict 

the bankruptcy of Finnish private companies with statistical methods based on 

historical financial statement information?” The answer to this question is formed by 

answering the following sub-questions: 

 Which financial ratios should be used when building a statistical prediction 

model of bankruptcy? 

 Is there differences between healthy and failing companies in the financial 

position and performance? 

 Is logistic regression an appropriate method and is it capable of predicting 

the bankruptcies of Finnish companies? 

 Is multivariate discriminant analysis (MDA) an appropriate method and is it 

capable of predicting the bankruptcies of Finnish companies? 

 Is there a difference in the prediction power between logistic and MDA 

models? 

To control the extent of this research, some limitations are made. First of all, this 

research concentrates only on private companies in Finland. In this context a private 

company means a private limited liability company defined in Limited Liability 

Companies Act (624/2006; osakeyhtiölaki). This choice is made based on three 

different things. At first, the previous literature of the subject suggests that behavior 

of the risk of bankruptcy is significantly different in private than it is in publicly traded 

companies, and therefore a choice of company type needs to be made (Moody’s 

2000). Secondly, there is only a very limited number of publicly traded companies 

in Finland that have filed bankruptcy in last 10 years. Therefore, the data, in respect 

of bankruptcies, would be very limited in the case of publicly traded companies. And 

thirdly, from the credit risk assessment point of view, private companies are a much 

more interesting area because small and medium sized companies form the majority 

of the company mass. 

The second limitation of this thesis is related to the choice of research methodology. 

The chosen statistical methods for this research are multivariate discriminant 

analysis and logistic regression. Both of these methods were introduced over 80 

years ago, and hence these methods are by no means the most modern ones. Even 
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though there are more modern statistical methods available, such as hazard models 

and neural network based modes, these methods are chosen because of their well-

established status in academic research and overall understandability. After all, a 

credit risk assessment, and especially an individual credit decision, is a case by 

case evaluation, that is composed from many different aspects. Therefore it is 

crucial that a credit decision evaluator understands how the information is 

generated. Understandability creates trustability, which is a strength of these 

methods, whereas hazard models and neural networks are such complex systems 

that understanding them properly might be extremely challenging.   

This research is divided into six main sections. After the introduction, the second 

chapter is about the preceding literature on the subject. The aim of that chapter is 

to introduce relevant literature about bankruptcy prediction to the reader. The 

literature review is conducted in a chronological order, starting with the pioneering 

publications, such as, Bureau of Business Research 1930, Fitzpatrick 1932, and 

Beaver 1966. After the introduction of the earliest researches, the most relevant 

publications to this research, (such as, Altman 1968 and Ohlson 1980) are 

discussed in a more detailed fashion. At the end of the second chapter the 

bankruptcy prediction studies conducted in Finland are discussed as well as the 

current state of bankruptcy prediction.  

The theoretical framework of this study is presented in the third chapter. It starts 

with a definition of bankruptcy. In this section, different versions of the definition of 

bankruptcy are discussed and a definition for this research is formed. Two different 

theoretical aspects of bankruptcy, cash flow based models and asset based models 

are introduced in this chapter as well.  

In the fourth chapter, the methodology is discussed. The chapter starts with 

selecting variables which is based on the earlier literature and theoretical 

framework. After that, linear discriminant analysis is discussed and the 

mathematical derivation is presented. Also, the limitations of this method are 

discussed. After that, the logistic regression model is introduced in the same fashion 

as linear discriminant analysis was. Finally, the method how prediction accuracy is 

tested is presented.  
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The empirical results of this study are presented and discussed in the fifth section. 

The main focus of this section is to introduce the company selection criteria to the 

reader, analyze the financial ratios that are calculated based on the financial 

statement information and used in the empirical testing, form prediction models and 

test their accuracy, and, at last, examine the results and discuss the applications of 

the models and future research topics.  The last section concludes the research and 

answers the research question formed in the introduction section.  
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2. LITERATURE REVIEW 

 

In this chapter the preceding relevant literature is introduced. The chapter is 

organized in a chronological order, and it starts with the earliest bankruptcy 

prediction studies from 1930’s. After that Altman’s Z-score and Ohlson’s logistic 

model are introduced. These two studies are presented in more detail, because 

these are the first models that utilize methods used in this thesis to predicting 

bankruptcy. In this chapter, the current state of the field and bankruptcy prediction 

models from Finland are briefly discussed as well. 

 

2.1 Early Literature and Univariate Models 

 

Earliest literature on bankruptcy prediction dates back to the 1930’s. After the Great 

Depression there was a practical need for bankruptcy prediction models, and from 

that point on, bankruptcy prediction (and bankruptcy in general) has been an area 

of interest for academic scholars. One of the earliest publications about the analysis 

of financial ratios of failed companies is the Bureau of Business Research’s (BBR) 

bulletin from 1930. BBR studied 24 different financial ratios from 29 failed 

companies trying to find similarities between these companies. They found out that 

that eight out of 24 ratios had similarities between failing companies and showed 

good indications of the “growing weakness” of a company. (Bellovary et. al 2007) 

In an early stage of the bankruptcy prediction research, all of the studies were 

univariate analyses. In 1932, Paul J. Fitzpatrick published a research where 

financial ratios of failing and healthy companies were compared for the first time 

with each other. The data set of Fitzpatrick’s study covered 19 failing and 19 healthy 

companies, with 13 ratios from each of the companies. The main result of that study 

is that in a significant number of the cases, failing companies had below-the-average 

financial ratios when compared to the “standard” ratios and ratio trends, while 

healthy companies displayed above-the-average figures. Another significant result 

in Fitzpatricks article is that two of the most important financial ratios, when 

analyzing a probability of failing, are net worth to debt and net profit to net worth, 
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while current ratio and quick ratio were much less important. From 1930’s to mid 

60’s bankruptcy prediction research was mainly concentrating on finding differences 

between healthy and failing companies. In addition to the two aforementioned 

studies, Smith and Winakor (1935), Merwin (1942), and Chudson (1945) had their 

own contribution to the early research. (Bellovary et. al 2007) 

The development of bankruptcy prediction models really began with William 

Beaver’s article in 1966. The starting point for Beaver’s research was that, there 

were earlier studies comparing failing and healthy companies, but these studies did 

not try to produce useful models for business utilization, i.e. financial ratio analysis 

was a tool for many different users for the credit-worthiness evaluation, but there 

was no empirical evidence about the usefulness of those ratios. Beaver was the first 

one to contribute that research gap with his article. The data set of the research 

included financial statements from 158 industrial companies – 79 failed and 79 non-

failed. The time frame of the data was from 1954 to 1964, and included five financial 

statements from each company, if available. The selection criteria for the failing 

companies was that there had to be at least one financial statement before the year 

of the failure. (Beaver 1966) 

To analyze the ratios of the company mass, Beaver used an extremely simple 

approach. He calculated the mean values of every financial ratio, and compared the 

ratios of individual companies to these figures. The main result was that the failed 

companies had a below-the-average amount of liquid assets and smaller cash flow 

contributions to these assets. Beaver also noted that failing companies tend to have 

a larger amount of debt than non-failing companies, even though they had less 

capacity to meet their liabilities. Drawing a conclusion from these results is not as 

straightforward as it might seem. This is due to the fact that failing and non-failing 

companies might represent different populations, because non-failing companies 

had over 30% larger assets than failing companies. Despite this inconsistency, the 

results from this study were in line with the previous literature, which suggests that 

the difference between failing and non-failing companies is not due to the difference 

in the population of which they were selected. Also the limitations of the analysis are 

somewhat problematic concerning the interpretation of the results. Analysis of the 

mean values might reveal that there are differences between financial ratios of 
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failing and non-failing companies, but based on that, it cannot be said whether there 

is there any prediction power in these values. The size of the difference and 

especially the distributions of variable values is crucial information if one wants to 

make statements about the prediction power of individual variables. (Beaver 1966) 

To illustrate the importance of the distributions one could think a variable with two 

symmetrical distributions, failing and non-failing. If there is a difference between 

mean values of these distributions and individual values are distributed closely to 

the mean, the prediction power is likely to be significant. On the other hand, if the 

values are widely spread around the mean value, it is likely that the distributions are 

overlapping and therefore the prediction power is dubious. Also an asymmetry of 

distributions is problematic because extreme variable values contribute significantly 

to the mean but are a relatively small portion of the total observations.   

Beaver’s results indicated that the net income to total debt is the variable with most 

prediction power. By using this variable, 92% of the companies in the data set were 

correctly classified. The second best predictor was net income to sales, with 91% 

accuracy. Net income to net worth, cash flow to total debt, and cash flow to total 

assets also had relatively high accuracies (90%). The results also showed that in 

the “liquid-asset-flow” model the reservoir of the amount of liquid assets itself was 

not an important factor, whereas the net liquid assets flow contributing to these 

assets was. (Bellovary et. all 2007) 

In the conclusion of his paper, Beaver suggested that even though univariate 

analysis has some prediction power about a bankruptcy, including multiple ratios to 

the same model simultaneously might have even more power. In 1968, the first 

research with a multivariate model was published by Altman. In his paper Altman 

introduced the so called “Z-score”, which indicates the bankruptcy risk of a 

company. This model was ground breaking in the late 60’s, and still after 40 years 

the Z-score is probably the most well-known and utilized bankruptcy prediction 

model. (Bellovary et. all 2007) 
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2.2 Multivariate Models 

 

Altman used multivariate discriminant analysis (MDA) in his research to develop a 

five-factor model for predicting the bankruptcy of industrial companies. In the 

previous literature, financial ratio analysis only took into consideration one financial 

ratio at a time, i.e. univariate analysis. The univariate method has multiple problems 

when analyzing the risk of bankruptcy of a company. For example, a company with 

below-the-average profitability can be classified as a potential bankruptcy. However, 

univariate analysis does not consider that the same company might have a good 

solvency and/or liquidity, which substantially reduces the risk of bankruptcy. In MDA, 

these interactions between financial ratios are included in the model and therefore 

the classification error should be lower. (Altman 1968) 

Multivariate discriminant analysis was chosen as a method because it was 

successfully utilized earlier in other financial problems, such as consumer credit 

evaluation and investment classification. Altman’s data consists of the financial 

ratios of 66 companies, half of which had filed bankruptcy, while the other half was 

considered healthy. To avoid the problems, with the asset size difference between 

bankruptcy and non-bankruptcy groups that surfaced in the previous studies Altman 

first selected 33 companies that had filed bankruptcy between years the 1946-1965. 

After that, 33 healthy companies were selected with similar assets sizes. (Altman 

1968)  

Because of the large amount of variables that have been empirically proven to be 

significant in bankruptcy prediction, Altman included 22 different ratios to his original 

data set. Variables were classified under five different categories: liquidity, 

profitability, leverage, solvency and activity. In the final model, one variable was 

selected from each of these categories based on the overall prediction power of the 

model, rather than on the significance of the individual variable. The final Z-score 

model form is as follows:  
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𝑍 =  .012𝑋1 +  .014𝑋2 + .033𝑋3 + .006𝑋4 + .999𝑋5  (1) 

Where: X1 = Working capital / Total assets, X2 = Retained Earnings / Total assets, 

X3 = Earnings before interest and taxes / Total assets, X4 = Market value equity / 

Book value of total debt, and   X5 = Sales / Total assets. (Altman 1968) 

The overall accuracy of the model was calculated by summing up type 1 and type 2 

classification errors and the result was that the model was capable of discriminating 

95% of the companies correctly. The same model was also tested with the data 

collected two years prior to the bankruptcy, and its classification accuracy with this 

data was 83%. To validate the results Altman used out-of-the-sample testing. At 

first, the model was applied to the group of 25 failed companies, and the 

classification accuracy was 96 percent. After that, the 66 non-failing companies, out 

of which over 65% had suffered more than one year of negative earnings in the 

previous three years, was classified and the accuracy stayed in relatively high at 

79%. These results showed that Altman’s model were capable of discriminating 

failing companies from healthy ones, even though some individual variables showed 

poor performance of a company. (Altman 1968) 

After Altman’s revolutionary research, many other researchers used a similar 

technique than Altman to build new models, and also tested the accuracy of the Z-

score with different data sets. For example, Edmister (1972) used a similar approach 

than Altman to predict the bankruptcy of small companies, and was able to reach 

100% percent prediction accuracy of bankrupt companies when the cutoff point was 

optimized. Also Blum (1974) used linear discriminant analysis and was able to reach 

similar accuracies than Altman and Edmister. 

In 1997, Altman revisited the Z-score model with Haldeman and Narayanan. The 

basic idea of the research was to build a new bankruptcy prediction model with 

updated information about the behavior of bankruptcy. The ZETA-model 

incorporated some similar parameters than the original Z-score, but in addition to 

those, some market variables were also included to the models. Based on the 

accuracy testing of Altman et al., they concluded that the ZETA-model is superior to 

the original Z-score in every time frame. When applied to data collected on year 

prior to the bankruptcy, and tested with hold-out sample, the overall accuracy of the 
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ZETA-model was found to be 93%. Despite the increased accuracy of the ZETA-

model, the Z-score has kept its status as the most well-known bankruptcy prediction 

tool.  

 

2.3 Ohlson’s Logistic Model 

 

Before the 1970’s all the bankruptcy models were classifying in their nature, i.e. the 

models indicated that either a company files for bankruptcy within a certain time 

period or not. In the late 70’s, more sophisticated tools were utilized in bankruptcy 

prediction, and in 1980 Ohlson introduced the conditional logit model with the 

maximum likelihood estimator. Even though logistic regression was invented some 

70 years before, Ohlson was one of the first to use it in predicting corporate 

bankruptcy.  

The choice of logistic regression as the model form was reasoned on three well 

known problems with multivariate discriminant analysis: (i) the use of dummy 

explanatory variables is not possible because of the requirement that explanatory 

variables must be normally distributed. (ii) The output of MDA is only a ranking figure 

and has no intuitive interpretation. (iii) There is no proof about the usefulness of a 

matching procedure which is used when selecting data for the MDA. However, the 

conditional logit analysis avoids all of the aforementioned problems, and enables 

the use of a much larger data set in the analysis. But, there are still some problems 

left with the data, that cannot be avoided by using the logit model and these 

problems mainly concern the financial data. Usually bankruptcy prediction models 

use a one-year-before time frame, which means that next year’s bankruptcy is 

predicted with last year’s financial statement data. The problem arises from the 

assumption that financial statement data is available at the end of the year, which 

is of course not true because financial statements need to be audited before made 

public. If the company files for bankruptcy before the auditing process has finished, 

which might take a while especially for companies with financial problems, the 

financial statement will not be available before the failure event and thus the 

evaluation of the real prediction power of the model is problematic. However, it is 
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also noted that this problem is more theoretical and developing a prediction tool 

does not need “exactly accurate” data. (Ohlson 1980) 

In the original Ohlson model there were nine financial variables measuring a 

company’s financial position and performance. The variables are: 1. logarithmic 

transformation of the ratio of a company’s assets to GNP price level index, 2. total 

liabilities divided by total assets, 3. working capital divided by total assets, 4. current 

liabilities divided by current assets, 5. a binary variable, which is one, if total liabilities 

exceed total assets, and zero otherwise, 6. net income divided by total assets, 7. 

funds provided by operations divided by total liabilities, and 8. a binary variable, 

which is one, if net income was negative for the last two years, and zero otherwise, 

and 9. relative change of net income compared to the previous period. These 

variables represents two different factors: the financial state (1-4) and the financial 

performance (5-9) of the company. (Ohlson 1980) 

Four out of the nine financial variables were found to be statistically significant in 

bankruptcy prediction. These variables were: 1. size of the company, 2. leverage of 

the company measured as total liabilities divided by total assets, 3. financial 

performance of the company measured as net income divided by total assets and/or 

funds provided by operations divided by total liabilities, and 4. company’s liquidity 

measured by working capital divided by total assets.  (Ohlson 1980) 

The first model was able to classify 96.12 percent of the companies correctly, with 

a cut-off point of p=0.5 which is a higher figure than Altman’s. However, it is crucial 

to notice, that if all companies were classified as healthy, the rate of correctly 

classified companies would be 91.15%. When analyzing the cut-off point more, it 

was determined that 0.038 was the point that gives the lowest average error 

between types one and two. At this cut-off point, 17.4 percent of healthy companies 

and 12.4 percent of failed companies were misclassified. When this methodology 

was applied to a similar setting than Altman’s (equal number of failing and healthy 

companies) the expected error rate was 14.9 percent. This figure is much higher 

than Altman’s reported 5% and raised some questions about what causes the 

difference.  (Ohlson 1980) 
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Ohlson gave three possible explanations that might have caused the difference. (i) 

In his study, the so called lead time – the time between the end of the last fiscal year 

and the bankruptcy event – is much higher. After studying this issue it was 

concluded, that the difference in lead time was approximately 1.75 months and that 

it was a statistically significant factor at a 20-percent risk level. This, however, 

cannot be the full explanation. (ii) The data is different. Ohlson used a relatively 

large data set, whereas Altman used only 66 companies. When Altman’s model was 

applied to different data the misclassification rate increased to 18 percent, however 

Altman’s analysis is not thorough, and thus Ohlson does not consider Altman’s 

results as conclusive.  (iii) The studies have different financial ratios as explanatory 

variables. This is probably not what causes the difference since both studies used 

basic variables and including additional variables to Ohlson’s model made no 

significant difference in the results when tested. (Ohlson 1980) 

After Ohlson’s utilization of logistic regression to bankruptcy prediction, the method 

has established a status in the field. The logistic model is one of the models used in 

almost every research, when different bankruptcy models are compared. These 

included studies such as, Aziz et al. (1988), Theodossiou (1991), McGurr and 

DeVaney (1998), Kahya and Theodossiou (1999).  

 

2.4 Current State of the Bankruptcy Prediction 

 

The prediction accuracy of statistical models, such as Altman’s Z-score and 

Ohlson’s logistic regression model, has been found to be extremely good during the 

years. Despite this, researchers are constantly trying to increase the prediction 

accuracy of bankruptcy models, and multiple new techniques have been applied to 

bankruptcy prediction.  

In 2001 Shumway (2001), proposed a time discrete hazard model for bankruptcy 

prediction, which utilized both financial statement and market information. The 

difference between a hazard model and original logistic model is that in the hazard 

model the whole time span of a company’s history can be included in the model at 

once, whereas in the logistic model one financial statement is seen as one 
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observation. Otherwise, these models are somewhat similar since the hazard model 

uses a logistic regression function. When comparing the prediction power and 

information content of hazard models to other bankruptcy prediction models, they 

have been found out to be superior. Based on the analysis of Bauer and Agarwal 

(2014), Shumway’s model was found to be superior in both information content and 

prediction accuracy when the model is used in the UK markets. They also concluded 

that later improvements of Shumway’s model do not improve the accuracy but only 

make the model more complex and thus the Shumway’s hazard model is the one 

that should be used in the forthcoming researches.  

While hazard models are also counted as statistic models, another set of prediction 

tools is utilized to bankruptcy prediction as well. These so called artificial intelligence 

expert systems (AIES) include modern concepts like neural networks and genetic 

algorithms. These systems rely on the modeling of human intelligence and 

reasoning. (Aziz & Dar 2004) 

The idea of neural networks is to emulate the functions and processes of the human 

brains and perform classification. The neurons in the network are organized in layers 

and they receive input signals. After receiving a signal, which contains information 

about the company, the neuron performs a specific task and sends it to the next 

layer. This process is repeated until the pre-set classification criteria is reached and 

a company is either classified as bankrupt or healthy. As a simplification of the 

process, it can be seen working just like a decision tree in option pricing. Even if this 

technique was utilized to bankruptcy prediction to improve the prediction accuracy, 

the comparison of prediction accuracies from the bankruptcy prediction literature 

reveals that it has failed in this task. The average overall accuracy of neural network 

models is found to be 87 percent, which is exactly the same than with logistic 

models.   (Aziz & Dar 2004) 

Genetic algorithms are used in bankruptcy prediction to find the optimal solution for 

classifying companies as bankrupt or healthy. Their idea is based on the evolution 

theory where only the fittest survive. The applications of genetic algorithms in 

bankruptcy predictions fail in the same way than with neural networks. This means 

that even though utilizing a genetic algorithm to bankruptcy prediction is a much 

more sophisticated technique than traditional statistical models, it fails to exceed the 
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prediction power of these models. The average prediction power of a genetic 

algorithm application is approximately 87 percent. For more information about 

genetic algorithms in bankruptcy prediction see, Shin and Lee 2002 and Varetto 

1998. (Aziz & Dar 2004) 

In addition to these three aforementioned new techniques, lots of other models are 

discussed in the current literature of bankruptcy prediction as well. The connective 

factor between these models is that none of them can be found to significantly 

improve the prediction accuracy, and thus they only add complexity to 

understanding how results are formed. This might be one of the reasons why MDA 

and logistic regression are probably still the most used models when analyzing 

probability of bankruptcy.  

 

2.5 Bankruptcy Prediction Studies from Finland 

 

This thesis deals with predicting bankruptcy of Finnish companies and therefore it 

is appropriate to introduce some bankruptcy prediction researches conducted in 

Finland. In 1996 Back et al. examined variable selection and classification power of 

three different bankruptcy prediction methods: multivariate discriminant analysis, 

logistic regression and neural networks. The data of the study was collected from 

financial statements between 1986 and 1989, and consisted of 74 companies of 

which half have failed. The results of the study showed, that different variable 

selection methods lead to different model specifications and thus to different 

information contents. However, the measurement of liquidity is included in all of the 

models, and from this it was concluded that the lack of liquidity is the most common 

reason why Finnish companies fail. (Back et al. 1996) 

In 1998 Laitinen and Laitinen studied the relationship of cash management behavior 

and failure prediction. The incentive to this study was to test Baumol’s (1952) 

theoretical framework, i.e. test the information included in the inventory cash 

management model, and overcome the lack of theoretical reasons why some 

variables are included in the bankruptcy prediction models. They found out that 

there are significant changes in the cash management behavior of failing companies 

one year prior the point where these companies started to drift towards bankruptcy. 
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However, it was also noted that the testing of the models was conducted with in the 

sample testing, and the whole model used a very limited data set, because of the 

lack of availability of information.  (Laitinen & Laitinen 1998) 

In 1999 Laitinen and Kankaanpää followed Back et al., and tested different 

bankruptcy prediction models with Finnish data. However, this time the scope of the 

research was in the prediction accuracy, not in the variables selection. The models 

included in the testing were: linear discriminant analysis, logistic regression, 

recursive partitioning, survival analysis, neural networks, and human information 

processing. Their data included financial statements from late 1980’s from 76 

companies. The results of the research are in line with the other literature, and 

indicate that none of the methods are significantly superior to others. (Laitinen & 

Kankanapää 1999) 

Based on Aziz and Dar (2004), there are only two bankruptcy prediction studies 

concentrating on the estimation of a bankruptcy model with Finnish data: Back et al. 

(1996), and Laitinen and Laitinen in 1998. However the research of Laitinen and 

Kankaanpää in 1999 clearly belongs to that group, but for some reason it was left 

out from the listing of bankruptcy prediction studies. Overall, based on the listing 

and the authors own findings, internationally acknowledged bankruptcy prediction 

literature from Finland is extremely limited, and was mainly conducted over 15 years 

ago. Furthermore, all of these studies use limited data sets, because of the lack of 

availability of the data in the time period. From these bases it can be concluded that 

there is an obvious research gap of bankruptcy prediction studies with more relevant 

data, and to this gap the present study is contributing.  
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3. THEORETICAL FRAMEWORK 

 

In this chapter the theoretical framework (of which this study relies on) is introduced. 

First, the definition of bankruptcy is discussed, and the definition of bankruptcy for 

this research is formed. After defining bankruptcy, two different theories of 

bankruptcy are presented. These theories are used in the variable selection as a 

part of the reasoning why some variables are included in the study. The main 

function of this chapter is to give the reader insight about the theoretical side of 

bankruptcy prediction and also point out that defining a bankruptcy is not 

unambiguous. 

 

3.1 Definition of Bankruptcy 

 

In early bankruptcy prediction studies, from 1930 to 1965, the terms “failing firms” 

or “business failure” were used to describe the event that is currently called 

“bankruptcy”. Beaver (1966) was the first to use the term “bankruptcy” to describe 

business failure. From then on, the term ”bankruptcy” has been used almost as a 

synonym to business failure, with no uniform definitions to what that failure is. 

Multiple studies define failure as the actual filing of bankruptcy or liquidation. Some 

other studies have a much looser definition and take suffering from financial stress, 

or an inability to pay financial obligations, as failing. Some studies do not even define 

the failure, albeit they are studying it.  (Lim 2012) 

In Table 1, some definitions of bankruptcy are presented from the studies that were 

introduced in the previous chapter. As can be seen from the table, Altman has the 

strictest definition of bankruptcy, whereas Beaver took a much wider definition, 

declaring, for example, companies with nonpayment of a preferred stock dividend 

as bankrupt. Ohlson takes a different approach about the definition. He 

acknowledged the difference in the previous definitions used, and decided not to 

bother with finding the correct definition, but rather used his data as an indicator 

whether the company is bankrupt or not, i.e. if the company is classified as bankrupt 

in the data, it is considered to be the case, no questions asked. 
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Table 1. Definitions of bankruptcy from selected studies presented in 

the previous chapter 

Author Definition 

Altman 

(1968) 

"Those firms that are legally bankrupt and either place in 

receivership or have been granted the right to reorganize under 

the provisions of the National Bankruptcy Act." 

Beaver 

(1966) 

"The inability of a firm to pay its financial obligations as they 

mature. Operationally, a firm is said to have failed when any of 

the following events have occurred: bankruptcy, bond defaults, 

and overdrawn bank account, or nonpayment of a preferred stock 

dividend" 

Ohlson 

(1970) 

Acknowledges the differences in defining bankruptcy in previous 

studies and states "I have not concerned myself with how 

bankruptcy (and/or failure) "ought" to be defined" 

 

Strictly speaking, a bankruptcy is a consequence of a process that starts financially 

and is completed legally, thus the actual point where bankruptcy occurs is difficult 

to determine. Moreover, albeit financial failure is used as a synonym for a 

bankruptcy, it is actually a condition of bankruptcy and by no means adequate by 

itself. From a financial point of view, “failure” includes multiple different events, such 

as bond default, over-drawn bank accounts or negative net worth. Even with these 

conditions a company can continue its operations in the short term, and thus there 

is a noted difference between financial failure and bankruptcy. (Karels & Prakash 

1987) 

One possible explanation why there is no unanimous definition for bankruptcy is that 

in the previous literature, the legal criteria of bankruptcy have been emphasized. 

Especially chapters 7 and 11 in The Bankruptcy Code of 1978, are used as a 

standard definition of bankruptcy. The problem with this approach is that all failure 

cases are determined by the court on an individual basis. Different definitions of 

bankruptcy also cause an empirical problem when comparing results from different 

studies. It would be reasonable to assume that the number of bankruptcies in a data 
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set is directly proportional to the strictness of the definition, and therefore makes the 

results incomparable. The use of actual bankruptcy as a classification criteria in 

research is somewhat misleading as well, because the theory of bankruptcy 

prediction really deals with a company’s inability to meet its obligations, and, for 

example, a temporary inability to pay debts does not necessarily lead to bankruptcy. 

(Karels & Prakash 1987, Scott 1981) 

Despite the theoretical problems of using a legal definition of bankruptcy as 

classification criteria between failed and healthy companies, the definition of 

bankruptcy used in this research is based on the Finnish Bankruptcy Act (120/2004; 

konkurssilaki). In chapter one, section one, paragraph two of the Bankruptcy Act, 

the definition of a bankruptcy is given as follows: “Bankruptcy is a form of insolvency 

proceedings covering all the liabilities of the debtor, where the assets of the debtor 

are used in payment of the claims in bankruptcy. In order to achieve the objective 

of the bankruptcy, the assets of the debtor shall in the beginning of bankruptcy 

become subject to the authority of the creditors. An estate administrator appointed 

by the court shall see to the management and liquidation of the assets of the debtor 

and to the other administration of the bankruptcy estate.” In section four of the act it 

is stated that “Bankruptcy begins when the court makes an order of bankruptcy 

relating to the debtor”.  

Based on that legal definition it is decided that the starting point of the bankruptcy, 

defined in the act, is the classification criteria between “healthy” companies and 

bankruptcy companies used in this study, with one exception. If a bankruptcy is 

reversed in the way stated in chapter seven, section 13, paragraph one of the 

Bankruptcy Act, the company is classified as healthy. There are two, mainly 

practical, reasons why this classification criteria is used in this study. First of all, the 

definition of bankruptcy in the act gives a precise point for a bankruptcy and thus no 

case by case evaluation of whether a company has fulfilled the criteria of bankruptcy 

is needed. Secondly, the bankruptcy data set available for the author is based on 

the acts definition, and because the data used in this research is relatively large, it 

would be extremely time consuming to classify all the observations case by case.  
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To further clarify the concept of a bankruptcy used in the present study, there are 

two different ways in Finland that can lead a limited liability company to bankruptcy. 

The first one is usually called a “solidity bankruptcy”. This kind of bankruptcy is a 

consequence of a liquidation process which takes place if a company’s 

shareholders’ equity falls below one-third of the share capital, and the situation 

cannot be corrected in a limited period of time. In this kind of situation, all of the 

company’s liabilities are settled and if these liabilities exceed the amount of the 

company’s assets it is declared bankrupt. The second process, that can lead to 

bankruptcy, is called a “liquidity bankruptcy”. This is a consequence of a company’s 

failure to pay its debts. Even though in some previous studies these types of 

bankruptcy are separated, in this study they are not. This decision is made based 

on the fact that, in, the credit risk management point of view it does not make any 

difference whether the cause of the bankruptcy is solidity or liquidity. (Laitinen & 

Kankaanpää 1999) 

In order to avoid confusing the reader, from this point on the words “failure” and 

“bankruptcy” are used as synonyms to describe the event of bankruptcy as defined 

in this chapter, whereas “healthy” and “non-failing” are used to describe companies 

that are still operating.  

 

3.2 Theories of Bankruptcy 

 

Throughout the history of the literature on bankruptcy prediction, empirical studies 

have not had a proper underlying theory, that would explain which financial 

variables, what number of ratios or what weighting approach to use to predict 

corporate failure best. The variable selection method has been brute force empirical 

testing and this lead to the problem that the empirical findings depends heavily on 

the data used, and thus these findings cannot be generalized to indicate most likely 

predictors of a bankruptcy. However, low misclassification rates of models, that 

results from empirical search, indicates that bankruptcy prediction is possible even 

without a proper theoretical framework. (Beaver et al. 2011, Scott 1981)  
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To overcome the shortcomings of the explanations why certain variables seems to 

predict bankruptcy better than the others, there have been some theoretical 

frameworks developed during the years, even though they are not emphasized and 

applied widely in the literature. These theoretical frameworks can also logically 

explain the existing empirical success of bankruptcy prediction models. (Lim 2012) 

The simplest theoretical framework of bankruptcy, quite obviously, is to perceive 

financial ratios as indicators of a company’s health. Liquidity, profitability, and 

solidity are the three main categories of these indicators, and should be interpreted 

to mean, that the higher the figures are the healthier the company is. On the flip 

side, if the indicators are poor, the company can be seen as unhealthy and at a risk 

of bankruptcy. The obvious weakness of this theory is the generality, although 

generality can be seen as a strength, because generality assures that theory cannot 

be violated and it is included in other, more precise, theoretical frameworks. (Lim 

2012) 

Next, two of the most relevant theories of bankruptcy will be presented. These two 

are selected mainly because: (1) These theories are the most relevant ones to the 

present study, because they offer explanations to the both of the ways how company 

can drift to bankruptcy in Finland. (2) Even though there is an obvious gap in the 

bankruptcy prediction theories these two are the most widely accepted ones.  

 

3.2.1 Cash Flow Based Models 

 

The idea of financial statement analysis can be seen as measuring a company’s 

efficiency, profitability, stability, and solvency. At best, a financial statement analysis 

seeks to determine the weaknesses and strengths of a company, that can be utilized 

in decision making processes, like credit risk assessment. One of the main subjects 

of interest from the credit decision point of view is a company’s solvency. In 1957 

James E. Walter proposed a generalized approach to assess a technical solvency 

determination. Technical solvency can be seen as a company’s ability to fulfill its 

currently maturing obligations. Thus it is a subclass of general solvency bounded by 
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the time frame of twelve months. The solvency is in the core of credit assessment 

and therefore it relates heavily on the possibility of bankruptcy. (Walter 1957) 

With the simplification that “new financing from external sources is unavailable, that 

no write-offs occur, and that no elements of fixed assets are offered directly for sale 

during period t” Walter’s solvency framework can be expressed as (Walter 1957):  

 

𝐼 = 𝑅 + 𝑝𝑖𝑞𝑖 − 𝑅′    (2) 

𝑂 = 𝑃 +  𝑝𝑗𝑞𝑗 + 𝑎𝑘 − 𝑃′   (3) 

𝐶∗ = 𝑂 − 𝐼     (4) 

Where:  

I  = Cash inflows for any firm x during a given period t,  

R  = Accounts receivable at the beginning of period t 

pi  = Average price at which product or service i is sold during period t,  

qi  = Quantity of product or service i sold during period t 

R´ = Accounts receivable at the end of period t 

O  = Cash outflows for firm x during period t,  

P  = Current liabilities at the beginning of period t 

pj  = Average net price at which good or service j is purchased by firm x for use in 

production and distribution 

qj = Quantity of good or service j purchased during period t 

ak  = Outlay commitment allocated to period t for non-expense purpose k (inventory 

accumulation expected) 

P´ = Current liabilities at the end of period t 

C* = Minimum cash items required at the outset of period to maintain solvency 

 

 

Equations (2), (3), and (4) outline the system which determinates a company’s 

solvency. The solvency depends on the relationship between purchases and sales, 

the change in current liabilities and accounts receivable, and the amount of cash. 

(Walter 1957) 

In this theory, a company’s cash inflow is generated by selling products, and the 

amount of cash generated by selling products is determined by the quantity and 

price of products sold, and changes in the accounts receivable (equation 2.). The 

cash outflow is caused by the costs that are related to the sold products and change 
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in the current liabilities (equation 3.). If the cash outflow exceeds the inflow a 

company needs to compensate that shortage with cash. If a company does not have 

sufficient cash available, it causes insolvency.  

In 1966 Beaver utilized Walter’s generalized technical solvency framework to 

bankruptcy prediction. Just like in Walter’s framework, in Beaver’s model a company 

is seen as a holder of assets that is influenced by cash flows, i.e. cash inflows supply 

to liquid assets and liquid assets are drained by cash outflows. In this concept liquid 

assets serve as a buffer against cash flow fluctuation and the solvency is defined as 

an amount of liquid assets compared to the obligations of the company. Default or 

failure of the company is a consequence of running out of the liquid assets used to 

meet the liabilities. In this so-called “liquid-asset-flow” model there are four important 

links between the bankruptcy prediction model and the financial ratios:  

1. the size of the liquid assets  

2. net liquid asset flow from current operations  

3. The size of the obligations which can drain the liquid assets  

4. the size of the operation expenses 

Based on these links, four assumptions of the default probability can be made. First 

of all, the amount of liquid assets affects the probability of failure, i.e. the higher the 

amount of liquid assets, the lower the probability of failure. Secondly, the higher the 

amount of net cash flows from operations, the lower the default probability. Thirdly, 

the smaller the amount of obligations held by the company, the lower probability of 

default. And fourthly, the lower the operation expenditure draining the net liquid 

assets flow, the lower the default probability. These assumptions are also the base 

hypothesis of Beaver’s research. (Beaver 1966) 

Even though Beaver is seen as the inventor of the cash flow approach in bankruptcy 

prediction, a similar approach was made over 10 years before Beaver’s study was 

published. In 1952, Baumol introduced a simple inventory stock-out model to 

analyze what is the optimal amount of cash for a given probability of running out of 

cash. Just like in Beaver’s model, the company is seen as a holder of cash assets, 

that are enforced by cash in-flows and drained by outflows. In this setting, a 

company’s probability to file for bankruptcy is related to the probability of a company 
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running out of cash, which leads to inability to meet financial obligations. (Beaver et 

al. 2011) 

Baumol’s and Beaver’s cash flow model of bankruptcy illustrates the importance of 

cash flows in bankruptcy prediction. In 1984, Gentry, Newbold, and Withford took 

cash flow and working capital components to a closer examination as predictors of 

bankruptcy, to build a model that overcomes the lack of theoretical framework. Even 

though the basic assumptions are the same as with the Beaver’s model, Gentry et 

al. took a different point of view and interpreted that cash flows reflect the operating, 

investment and financial decisions of management. Their framework assumes that 

success or failure depends on the speed and level of net cash flows that move 

through the company, and thus the probability of bankruptcy depends on the level 

and/or speed that net cash flows move. In their model, there were eight variables 

representing different components of net cash flow. Variables included, for example, 

paid dividends and capital expenditures, that were not used in the Beaver’s study.  

The reason to include these variables in the model, other than that they are cash 

outflow components, was that they were believed to include important information 

about the managements view on the financial position of a company. It is believed 

that the higher the amount of cash inflow that is used to new investments and paying 

dividends to shareholders, the lower the probability of bankruptcy is. The rationale 

behind this thinking is that the management knows best what the actual financial 

situation of the company is, and by paying dividends they are signaling stakeholders 

that the company is in good shape. Same applies to capital expenditures. This cash 

flow based approach to corporate failure is the way that leads to liquidity bankruptcy, 

which was descripted in the previous chapter.  (Gentry et al. 1984)  

 

3.2.3 Asset Based Models 

 

Perhaps the simplest asset based bankruptcy prediction model can be illustrated by 

a firm that only exists two periods. The basic idea is that a company’s securities are 

traded in the current period and it is liquidated in the next. If the liquidation value is 

lower than the amount that it owns to creditors, the company goes bankrupt. 
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Mathematically, if V1 is a variable representing liquidation value of a company and 

D1 is the amount of liabilities, the company goes bankrupt if:  

 

𝑉1 <  𝐷1         (5) 

 

If assumed that a company’s liquidation value (V1) has a two parameter probability 

distribution function, with a location parameter of uv and a scale parameter sv, then 

the bankruptcy would occur if: 

 

𝑉1− 𝑢𝑣

𝑠𝑣
<  

𝐷1− 𝑢𝑣

𝑠𝑣
         (6) 

 

For example, if natural the logarithm of liquidation value of a company would be 

normally distributed with a mean of 10 and a standard deviation of 5, and the natural 

logarithm of company’s liabilities is 5, then the probability of failure would be 11%. 

(Scott 1981) 

The so-called Gambler’s ruin theory of bankruptcy is somewhat similar than the 

simple one period model. Gambler's ruin is originally a probabilistic problem, dating 

back to times of Pascal (Coolidge 1909). Pioneer work to utilize this theory to 

bankruptcy prediction was done in the 1970’s by Wilcox (1971, 1973, 1976), 

Santomero and Vinso (1977), and Vinso (1979). The theory starts with a situation 

where the gambler has x amount of money to gamble with. The gambler wins one 

unit of money with some unspecified probability p, thus the gambler’s probability to 

lose is 1-p. The game ends when the gambler has lost all of his money, or has won 

all of his component’s money. To adjust this setting to the financial world, the 

gambler is seen as a company and the amount of money is as assets K of that 

company. If assumed that K changes randomly, and the company is not able to get 

any outside financing and therefore it must compensate its losses by selling assets.  

Positive changes in K are the outcome of positive cash flows to the company, 

whereas a decrease in K means that the company has suffered losses and to 
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compensate these losses, the company must liquidate capital. If K becomes 

negative the company is seen as bankrupt. If Z represents changes in K, then the 

company would go bankrupt in the next period if: (Scott 1981) 

 

𝐾 + 𝑍 < 0              (7) 

 

If it can be assumed that the accounting values of the company are a proxy for the 

liquidation value of the assets, then the K would represent the book value of the 

shareholder’s equity, and Z would be the retained earnings (net income minus 

dividends and other similar items), representing changes in K. Equation 7 

normalized with assumptions that, uz is the mean and sz is the standard deviation of 

earning changes, indicates that bankruptcy would occur if: 

 

𝑍− 𝑢𝑧

𝑠𝑧
<  

−( 𝑢𝑧+𝐾)

𝑠𝑧
                  (8) 

 

With some modifications to the equation 8, it can be used to illustrate the linkage 

between the empirically founded ZETA score by Altman, Haldeman, and Narayanan 

(1977) and its theoretical background. By dividing both numerator and denominator 

with total assets (TA) and multiplying the equation by minus one, the following 

formula 9 would indicate the changes in the probability of default, i.e. decrease in 

the value means increase in the probability. 

 

𝑢𝑧 / 𝑇𝐴+𝐾/ 𝑇𝐴

𝑠𝑧 / 𝑇𝐴
                 (9) 

 

All the variables in equation 9 are somewhat similar than in the ZETA model. The 

uz/TA, where uz represent a retained earnings, expected changes, is similar to 

EBIT/Total assets. The standard error of EBIT / TA is similar to sz/TA, and K/TA, 
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meaning Stockholders’ equity / total assets is close to the ZETA’s retained earnings 

/ total assets. Moreover, all the variables in both models sifts the probability of 

bankruptcy in the same direction. Both of these models took into account variables 

that reflect both cash flows and financial position of the company as well. The 

similarities between the Gambler’s ruin model and the ZETA model might explain 

some of the empirical success of ZETA but not all of it. The ZETA model also 

contains other variables than the three aforementioned, which are not included in 

Gambler’s ruin. Some of the addition variables could be explained by overfitting, 

caused by the methodology used in Altman et al.’s study. However, it could also be 

possible that these extra variables, such as current assets divided by current 

liabilities and the logarithm of EBIT divided by total interest payments, might contain 

some valuable information about a company’s bankruptcy probability that is not 

explained by the Gambler’s ruin theory. (Scott 1981, Altman et al. 1977) 

In the previously presented simple Gambler’s ruin model, it was assumed that the 

company has no access to the capital markets, and thus it needs to sell its assets 

to cover the suffered losses. However, this not a reasonable assumption in the real 

world setting. To make the Gambler’s ruin model more sophisticated there are some 

proposed extensions to it. Next, the so-called perfect-access model is presented, 

which was introduced by Scott (1976, 1977), where the company has full access to 

the capital markets. A major difference in this model, compared to the simple model, 

is in the stock variable. In the simple model, stock was measured by liquidation value 

of the assets, whereas in the perfect model it is measured as market value of a 

company’s equity. (Scott 1981) 

In the perfect-access model the company can raise capital by issuing debt or selling 

equity to cover losses. It is also possible for the company to sell assets to cover 

losses, and to decide not to do so, because the model assumes that the secondary 

markets of real assets are imperfect and that the company has an optimal level of 

assets for its operations. For the company, selling the assets would bring in a lower 

amount of money than the real value of the assets is. In this setting the company is 

seen as solvent as long as the stockholder’s wealth stays positive, when measured 

by the market value. (Scott 1981) 
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Determining the criteria for bankruptcy is a bit subtler process in this approach than 

in the simple model. To determine if losses cause bankruptcy, the following 

“experiment” must be conducted. The idea is to determine the optimal value of the 

company without considering the loss. This is done by determining the optimal 

amounts of debt and equity, and by creating a plan to achieve this capital structure. 

Next the value of the company with the optimal capital structure is calculated in the 

absence of the loss. If the value is higher than the suffered loss, the company stays 

solvent by simply following the plan to achieve the optimal capital structure, and 

sells equity to the markets just enough to cover their losses. If the optimal value is 

smaller than the loss, the company is bankrupt. This theory is dynamic in the sense 

that it assumes that the management of the company acts rationally when losses, 

that are big enough to compromise the solvency, are faced. One noticeable thing 

about this “experiment” is that if the Modigliani-Miller (1958) theorem holds, it does 

not matter whether the company issues equity or takes additional debt to finance 

the loss.  (Scott 1981, Modigliani & Miller 1958)  

Unlike the simple Gambler’s ruin model, the perfect-access model constitutes the 

probability of bankruptcy to both internally generated cash flows and externally 

acquired financing. This is a desirable feature from the empirical perspective as well 

as from the theoretical point of view. Theoretically it seems reasonable that the 

probability of bankruptcy should be estimated in the situation where a firm is 

suffering losses but is still able to get outside financing. On the other hand, 

empirically, the overlapping of perfect-access model and the ZETA model is even 

greater than between the simple Gambler’s ruin model and the ZETA model. This is 

due to the fact that in the perfect-access model the equation nine’s variables are 

substituted with variables that denotes the optimal value of equity at next period and 

next period’s earnings. Thus perfect-access model’s net earnings variable is closer 

to the ZETA model’s EBIT variable than the simple Gambler’s ruin model’s retained 

earnings. (Scott 1981) 

As mentioned earlier, both the Gambler’s ruin model and the perfect-access model 

have had empirical success in a form of ZETA model. Because the former model 

assumes no access to capital markets and the latter assumes perfect access to the 

markets, Scott (1981) proposed a hybrid of these models and called it Imperfect 
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access model. The background assumptions of the imperfect access model are 

much looser than in the previous models. For example, a company may face floating 

costs when it sells equity, there may be a taxation system that favors internally 

financed investments, or there might be an imperfection in the pricing of the 

securities in the markets which interferes with the company’s access to the capital 

markets. (Scott 1981) 

The setting in this model is that the company exists three periods, from 0 to 2, and 

it is liquidated in the third period. The model tries to predict what is the company’s 

probability to go bankrupt in period one. It is assumed that the market value of a 

company’s equity depends on the investment decisions that it makes. Thus, the next 

period’s market value equals the last period’s assets value plus the investments that 

the company makes. It is worth noting that these investments can also be negative. 

The company has three alternative ways to finance these investments: (1) If the 

company is making good profits, it can finance the investments with internally 

produced cash flows and the excess cash is distributed to the shareholders in a form 

of dividends. (2) If the company is making decent earnings, it can still finance its 

investments with internal cash flows but is not able to pay dividends. And, (3) if the 

company is losing money with its operations, it must sell equity to finance the 

investments. (Scott 1981) 

Furthermore, when the company faces losses, it must decide how to cover them. 

The decision of a ratio between selling assets and selling equity depends on the 

floating costs of selling equity. In the most simplified form it can be said, that when 

the floating costs are approaching infinity, the company only sells assets. And, when 

floating costs are approaching zero, the company only sells equity. Based on these 

two extreme cases, it can be concluded that the Gambler’s ruin model and the 

perfect-access model are actually both special cases of the imperfect access model. 

(Scott 1981) 

To compare this model to the Gambler’s ruin model and the perfect-access model 

mathematically, the same standardization can be applied as earlier, and the 

bankruptcy criteria is as follows (Scott 1981): 
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𝑋1[𝐾0]− 𝑢𝑥

𝑠𝑥
≤

−𝑢𝑥−(𝐾0−𝐾1)−𝑆1[𝐼1]/ (1+𝑐)

𝑠𝑥
        (10) 

 

Where: 𝑋1[𝐾0] = firm income in period one. Where X is the function that 

generates income from the assets K 

 𝑢𝑥 = the mean of the earnings distribution 

 𝑠𝑥 = the standard deviation of the earnings distribution 

(𝐾0 − 𝐾1) = the amount of assets that a financially distressed 

company can optimally sell 

𝑆1[𝐼1]/ (1 + 𝑐) = the amount of equity that a financially distressed 

company can optimally sell with a floating cost of c  

 

 

As seen from the equation (10), the company stays healthy as long as its value of 

equity with the optimal capital structure is greater than the losses in period one. 

  

Table 2. Theoretically-derived predictors of financial failure (Scott 1981) 

  

Model Failure predictor  Definitions 

Single period   
𝑢𝑣−𝐷1

𝑠𝑣
 

 𝐷1 = next debt payment (principal and/or interest). 

𝑢𝑣 = expected market value of firm at next debt 

payment 

𝑠𝑣 = standard deviation of firm value at next debt 

payment 

Gambler's ruin  
𝑢𝑧−𝐾

𝑠𝑧
  K =  stockholders’ equity (book value) 

𝑢𝑧, 𝑠𝑧 = mean, standard deviation of next period’s 

change in retained earnings 

Perfect-access  
𝑢𝑥−𝑆

𝑠𝑥
  S = market value of equity 

𝑢𝑥, 𝑠𝑥 = mean, standard deviation of next period’s net 

income 

Imperfect-Access  
𝑢𝑥+∆𝐾+𝑆 / (1+𝑐)

𝑠𝑥
  𝑢𝑥, 𝑠𝑥, and S as defined above 

∆𝐾 = optimal change in stockholders’ equity, given 

that the firm is facing earnings losses 

c = proportional flotation costs 
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To conclude this chapter, in Table 2 are gathered all the failure predictors from the 

models introduced in this chapter. As seen from the definitions, these types of 

models emphasize the importance of income variables and the company’s value, 

measured either by the market value or book value, as predictors of bankruptcy. 

First one to notice, that low market value of a company predicts bankruptcy, was 

Beaver in his 1968 study. However, what Beaver did not notice, was that the low 

market value actually also increases the probability of bankruptcy, which is 

illustrated with these models.  
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4. METHODOLOGY AND BANKRUPTCY PREDICTION MODELS 

 

In this chapter the methodology of this study is presented. First the financial 

variables selection is discussed. These variables are based on earlier empirical 

findings and theoretical framework. With the selected variables, a hypothesis on 

how they affect the probability of bankruptcy is made as well. After selecting the 

variables, statistical methods used in this study are presented and the method of 

accuracy testing is discussed.  

 

 4.1 Financial Variables 

 

Which variables and, how many of them, should be included to the bankruptcy 

prediction model, to achieve best possible accuracy rate, has been a controversial 

subject in the field. Over the years, different bankruptcy prediction studies have 

included hundreds of different variables and factors derived from both financial 

statements and market data to predict a corporate bankruptcy. According to 

Bellovary et al., by 2007 the total number of different explanatory variables used 

was 752. Only 42 variables were used five or more times and 674 were used by 

only one or two studies. Two of the most used variables were ratio of net income to 

total assets, commonly known as return on assets, and the ratio of the current assets 

divided by current liabilities, which is called current ratio. Other widely used variables 

are, for example, working capital divided by total assets, retained earnings divided 

by total assets, and earnings before interest and taxes divided by total assets. As 

seen from these examples, the most common variable used to standardize the 

difference in company sizes is total asset. 17 out of the 42 most used variables 

utilized total assets as a denominator in a ratio. (Bellovary et al. 2007) 

The number of variables used in the models has varied just as much the variables 

themselves. The number of variables ranges between one and 57, while the 

average number of the variables included has been approximately nine. One 

noticeable thing about the quantity of variables is that a higher number of 

explanatory variables does not necessarily mean that the model’s prediction power 
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is any better than with a model with fewer variables. For example, in 1966 Beaver 

was able to predict bankruptcy with 96% accuracy by using only one variable, while 

Jo et al.’s (1997) model included 57 factors and was “only” capable to classify 86% 

percent of the companies correctly.  (Bellovary et al. 2007) 

To approach the variable selection problem in the present study, both the empirical 

and theoretical approaches are considered. The theoretical variables selected are 

based on the cash flow and asset based models presented in the theoretical 

framework chapter of this study. The empirically proven variables are based on the 

previous literature. Because the present study is concentrating on Finnish 

companies only, all the variables presented in this chapter, and later used in the 

empirical part of this study, are calculated from financial statements, that are based 

on the Finnish Accounting Act and the Finnish accounting standards (FAS). The 

calculations and formulas used are based on The Guide to the Analysis of Financial 

Statements of Finnish Companies (2013) and are applied without adjustments.  

Table 3. Financial variables used in the present study.  

Variable 
Theoretical (T) / 

Empirical (E) 

Retained earnings / Total assets T, E 

EBIT / Total assets (ROA) T, E 

Logarithm of liquid assets T 

Cash flow from operations / Sales T 

Logarithm of interest bearing liabilities T 

Operating expenses / Total Assets T 

Current assets / Current liabilities (Current ratio) E 

Net income / Total debt E 

Net income / Sales E 

Net working capital / Total Assets T, E 

Book value of equity / Book value of debt E 

Sales / Total Assets E 

Total liabilities / Total assets E 

Relative change of sales compared to the previous 

period 
E 
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Table 3 presents all the variables employed in this study. These variables present 

different aspects of a company’s performance and financial condition, e.g. 

profitability, liquidity, solidity, and efficiency. Seven variables are derived from 

previous empirical findings and four from the theoretical framework. The remaining 

three variables have both an empirically proven status as good predictors of 

bankruptcy and a theoretical background. Next, all the variables are presented to 

some extent. 

Return on assets (ROA), measured as earnings before interest and taxes divided 

by total assets, is one of the most used performance measurements in financial 

statement analysis. This variable measures a company’s performance in the light of 

how a company is able to utilize its assets to generate earnings. Other similar 

performance measurements are return on investment, and return on equity.  The 

ROA can actually be divided into two different components, and be expressed 

through asset turnover rate and EBIT margin as:  

 

𝐸𝐵𝐼𝑇

𝑆𝑎𝑙𝑒𝑠
∗

𝑆𝑎𝑙𝑒𝑠

𝑇𝑜𝑡𝑎𝑙 𝑎𝑠𝑠𝑒𝑡𝑠
= 𝑅𝑂𝐴      (11) 

 

As seen from equation 11, return on assets includes two somewhat similar 

variables, and these are going to be used as explanatory variables in this study.  

The variable ‘sales divided by total assets’ is the assets turnover rate measuring 

how efficiently a company is turning its assets to sales. The ratio of the EBIT to 

Sales is a measurement of a company’s EBIT margin. The difference between the 

EBIT margin and net income to sales (net profit margin) is that net income includes 

the effects of financial expenses and taxation. These two cost items are somewhat 

company specific, because they depend upon a decided capital structure and tax 

planning. Due to that difference, net profit margin might include some information, 

relevant to bankruptcy prediction, that is not incorporated in the ROA. (David 2002) 

Cumulative profitability is measured as the ratio of the firm’s retained earnings in 

balance sheet divided by total assets. This ratio incorporates information such as 

the maturity of the company, dividends policy, as well as its cumulative profitability 
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over time. The rationale behind this variable relies on the life cycle theory of a 

company, and it is seen as an indicator of a company’s position in this life cycle. 

Companies, which has, none or very little retained earnings are seen as young 

companies and are characterized by an expansion of a business. Thus, in these 

companies internally generated cash flows are not sufficient enough to cover all 

investment opportunities and therefore they rely heavily on outside financing. On 

the other hand, companies with high retained earnings to total assets ratio are seen 

as matured companies, these companies’ internal cash flows are large enough to 

cover all the possible investments. Thus, these matured companies are not relying 

on external financing. The ratio of retained earnings to total assets can also be seen 

as a proxy for a company’s ability to pay dividends (DeAngelo, DeAngelo, Stulz 

2006). This variable has both theoretical and empirical background. (Altman et al. 

1977; Kim Kwon & Shin 2010) 

Efficiency and short term financial health of a company is expressed through two 

variables: current ratio (current assets divided by current liabilities) and the ratio of 

the net working capital to total assets. The current ratio expresses a company’s 

ability to meet liabilities shorter than one year with assets that are maturing in a one 

year time period. Thus it measures a company’s short term financial health, which 

is an important factor in credit decisions. Net working capital to total assets 

measures a company’s efficiency in a way in which the proportion of total assets is 

tied to business operations and is therefore not available to equity holders. Because 

the net working capital is defined as current assets minus current liabilities, it is 

obvious that companies need to balance between efficiency and short term financial 

health. This means that the higher that rate of net working capital to total assets is, 

the higher is the company’s ability to meet short term obligations, but when more 

capital is tied to business operations it is working less efficiently.  

Liquid assets, cash flow from operations, interest bearing liabilities, and operating 

expenses are all derived from Beaver’s (1966) “liquid-assets-flow” theory. These 

four variables represent the four linkages between theory and the empirical model. 

The amount of liquid assets is measured as financial statement items that can be 

interpreted as cash or cash equivalents. These items include, for example, cash and 

bank deposits, current investments, and holdings in group member companies. The 
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operating expenses variable includes items like purchases during the fiscal year, 

wages and social security expenses, external services, and other operating 

expenses. The logarithmic transformation of liquid assets and interest bearing 

liabilities is conducted to normalize the distributions of variable values, which is a 

pre-condition for statistical methods like multivariate discriminant analysis and 

logistic regression. Operation expenses and cash flow from operations are 

normalized by dividing them with total assets. This is done because these variables 

might contain negative values, which prevents usage of logarithmic transformation.   

Book value of debt to book value of equity, known as debt-to-equity ratio, and total 

liabilities to total assets are ratios expressing the company’s leverage. Debt-to-

equity ratio indicates in which proportion debt and equity are used by the company 

to finance its assets.  According to the Modigliani-Miller theorem from 1958, the 

value of the company is not dependable on its capital, but in real world settings and 

in credit decision making it does matter. The equity of a company is the primary 

source to be used to finance losses that a company might suffer. If the debt to equity 

ratio is high, it means that there is a very small buffer against possible future losses. 

Nonetheless, trying to achieve as low as possible debt to equity ratio, being that 

balance sheet consists only of equity, is not desirable either, because when the 

company is turning profits higher than the interest payments of its debt, the debt 

increases the return to shareholders. Once again this is a variable that needs 

balancing on a company’s management, but from the credit risk assessment and 

bankruptcy prediction point of view the higher the ratio, the higher the risk should 

be.  

Relative change of sales compared to the previous period indicates the direction of 

where it is heading. A positive value means that a company is increasing its sales 

and a negative one means that sales are declining. Net income to debt is included 

in the variable list because of its empirically proven prediction power, and it indicates 

the portion of debt that a company is able to cover with the current period’s bottom 

line profits.  
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Table 4. Hypotheses of how each financial variable is going to effect the probability 

of bankruptcy 

    

Variable 

Effect to the bankruptcy 

probability. Up meaning the 

higher the value, the higher 

the probability, and vice versa 

Retained earnings / Total assets Down 

EBIT / Total assets (ROA) Down 

Logarithm of liquid assets Down 

Cash flow from operations / Sales Down 

Logarithm of interest bearing liabilities Up 

Operating expenses / Total Assets Up 

Current assets / Current liabilities (Current ratio) Down 

Net income / Total debt Down 

Net income / Sales Down 

Working capital / Total Assets Down 

Book value of debt / Book value of equity  Up 

Sales / Total Assets Down 

Total liabilities / Total assets Up 

Relative change of sales compared to the previous 

period 
Down 

 

To conclude this chapter, in Table 4 is presented hypotheses of how each variable 

is going to affect the probability of bankruptcy. Four out of 14 variables increases 

the probability, meaning that the higher the corresponding variable’s value is, the 

higher the probability of bankruptcy. Higher values in ten variables decrease the 

probability.  

 

4.2 Linear Discriminant Analysis 

 

Linear discriminant analysis, in a univariate or multivariate form, has been and still 

is one of the most used statistical techniques in bankruptcy prediction studies. The 

first applications of multivariate discriminant analysis were published in 1930’s, 

though they mainly concentrated on biological and behavioral sciences. In 1936, 

Fisher published his revolutionary work, in which he described a method where 
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multiple explanatory variables were used to discriminate flower varieties from each 

other. In 1940’s, first financial applications with discriminant analysis were published 

and these works, e.g. Durand 1941, concentrated on developing consumer credit 

rating systems. In 1968 laid the grounding for usage of multivariate discriminant 

analysis in prediction of corporate bankruptcy, and from that point on it has been a 

widely used and widely accepted method in bankruptcy prediction. (Altman 1968) 

The basic idea of linear discriminant analysis is to find the best linear combination 

of independent variables that discriminate between two groups of observations. In 

bankruptcy prediction these groups are obviously bankrupt companies and non-

bankruptcy companies. Simplification of the method can be described as each 

group’s distribution of discriminant scores generated by linear discriminant function 

is projected to the axis. The best linear discriminant function is the one that 

minimizes the overlapping of the groups’ score distributions. Therefore in this sense 

this technique is somewhat similar than Beaver’s univariate approach. Beaver 

tested which variable results in distributions of two groups that are least overlapping, 

and this technique forms such an equation that does exactly the same, but to 

multiple variables at the same time. (Deakin 1972) 

To introduce the mathematical derivation and example of the multivariate linear 

analysis Fisher’s 1931 approach is used as a guideline. The starting point of 

derivation is to form a goal, and the goal in the linear discriminant analysis is to find 

a linear function of measurements: 

 

𝑋 = 𝑏1𝑥1 + 𝑏2𝑥2 + 𝑏3𝑥3+. . . +𝑏𝑖𝑥𝑖         (12) 

 

that will maximize the ratio of the difference between the identified means to 

standard deviation between the groups. The difference is denoted by dp and to 

simplify the derivation, only four measurements and thus p’s are included. The sum 

of the squares is denoted by Spq, where p and q each take integer values from one 

to four. Thus in every linear function X, that represents the measurements, the 

difference between the means of X in the bankruptcy and non-bankruptcy groups 

is: 
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𝐷 = 𝑏1𝑑1 + 𝑏2𝑑2 + 𝑏3𝑑3 + 𝑏4𝑑𝑑          (13) 

 

and the variance of X within the groups is relative to:  

 

𝑆 =  ∑ ∑ 𝑏𝑝𝑏𝑞𝑆𝑝𝑞
4
𝑞=1

4
𝑝=1                          (14) 

 

The optimal discriminant function which, identifies the differences between two 

groups, is the function that maximizes the ratio D2/S with changes in parameters b1, 

b2, b3, and b4. As a result of this for every b follows 

 

𝐷

𝑆2 {2𝑆
𝜕𝐷

𝜕𝑏
− 𝐷

𝜕𝑆

𝜕𝑏
} = 0                   (15) 

 

which can be reorganized to  

 

1

2
∗

𝜕𝑆

𝜕𝑏
=  

𝑆

𝐷
∗

𝜕𝐷

𝜕𝑏
              (16) 

 

From equation 16, it can be noticed that S/D is a constant factor for the unknown 

coefficients. Therefore, the coeffiencies can be solved from the following equation 

group: 

𝑆11𝑏1 + 𝑆12𝑏2 + 𝑆13𝑏3 + 𝑆14𝑏4 =  𝑑1 

𝑆12𝑏1 + 𝑆22𝑏2 + 𝑆23𝑏3 + 𝑆24𝑏4 =  𝑑2                             (17) 

𝑆13𝑏1 + 𝑆23𝑏2 + 𝑆33𝑏3 + 𝑆34𝑏4 =  𝑑3 

𝑆14𝑏1 + 𝑆24𝑏2 + 𝑆34𝑏3 + 𝑆44𝑏4 =  𝑑4 
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As seen from the previous derivation of multivariate discriminant function it is 

somewhat easy to utilize even without sophisticated statistical programs. However, 

there are some assumptions about the nature of the variables used in the 

discriminant function that must be fulfilled. The most critical one is the normality of 

each variable’s distribution. This problem is widely acknowledged in the literature 

but still bypassed by most of the studies. The other assumption is that covariance 

matrices are equal between two groups. If that assumption does not hold, the 

quadratic form of the classification rule should be employed rather than the linear 

one. However, based on Altman et al. (1977) there is only a slight difference in the 

classification accuracy between these function forms.  

Usually variables are included to the MDA model with stepwise procedure, and this 

is also the case in the present study. This is due to the fact that multicollinearity is a 

real problem with variables derived from the same source, in this case from financial 

statements. The problem with multicollinearity is the same in the multivariate 

discriminant analysis than with the ordinary regression analysis. Independent 

variables being highly correlated with each other leads to a situation where 

parameter estimates are highly sensitive to changes in model specification and used 

data. With stepwise selection multicollinearity can be avoided, because stepwise 

selection does not allow variables that correlate highly with each other, to be 

included in a model.  (Edmister 1972) 

 

4.3 Logistic Regression Model 

 

The output of multivariate discriminant analysis is a score that should be used to 

categorize observations to different groups depending on a determined cut-off point. 

However, it does not provide any probabilities for observations about in which group 

they are likely to belong. To estimate the probabilities one could utilize a logistic 

regression, which, even though called a regression, is actually more like a 

classification tool.  
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The probabilistic bankruptcy prediction model was first introduced by Ohlson in 

1980. The idea of the prediction model can be illustrated by letting X be a set of 

independent variables to be used to predict the bankruptcy, and b be a set of 

corresponding unknown parameters. A function P(Xi, b) represents the probability 

of bankrupt for the observation i with parameter set X, where P is a logistic 

probability function with 0 ≤ P ≤ 1. In the binary sample space of bankruptcy and 

healthy companies the logarithm for likelihood of any specific outcome can be 

expressed as: 

𝑙(𝑏) =  ∑ log 𝑃(𝑋𝑖, 𝑏) +𝑖∈𝑠1
∑ log (1 − 𝑃(𝑋𝑖, 𝑏))𝑖∈𝑠2

   (18) 

 

Where S1 and S2 denote sets of bankrupt and non-bankrupt companies, 

respectively. For every given b the values are estimated by the maximum likelihood 

estimator by solving: 

 

𝑚𝑎𝑥𝑏 𝑙 (𝑏)        (19) 

 

In the case where P is expected to be a logistic function, even though there is no 

obvious reason why it should be, the function can be expressed as (Ohlson 1980):  

 

𝑃 = (
1

1+𝑒−𝑦𝑖
)             𝑤ℎ𝑒𝑟𝑒   𝑦𝑖 = ∑ 𝑏𝑗𝑋𝑖𝑗 = 𝑏′𝑋𝑖𝑗     (20) 

 

At this point it is appropriate to point out the difference between the logistic model 

and the logit model. The logit model is the linkage between the linear combination 

of the explanatory variables and the logistic model. Thus equation 20 is for the 

logistic model and the logit function Z would be:  

𝑍 = 𝑙𝑛
𝑃

1−𝑃
=  𝑦𝑖           (21) 
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In the logistic regression, evaluation of the parameter coefficients and thus individual 

contributions of variables is not that straightforward than in linear regression models, 

where a change in independent variables is linearly changing the expected value 

dependent variable. This is due to the fact that in the logistic regression coefficients 

represents the change in the logit function with respect to changes in a variable, the 

analyses of variables individual contribution is usually conducted with odds-ratio. 

The odds-ratio should be interpreted so that a one unit change in the explanatory 

variable increases the observation’s probability to belong in a certain group by an 

amount of odds-ratio.  

The individual contribution can also be examined through so-called marginal effect. 

Mathematically, in a model with one explanatory variable, the marginal effect of 

variable Xj to the probability that an observation belongs in the group Yj can be 

expressed as: 

𝜕𝑃[𝑌𝑗=1|𝑋𝑗]

𝜕𝑋𝑗
=  𝛽0𝐹(𝛼0 + 𝛽0𝑋𝑗)(1 − 𝐹(𝛼0 + 𝛽0𝑋𝑗))   (22) 

 

Thus the marginal effect is a partial derivative of the event probability with respect 

to the selected explanatory variable, in this case Xj. (Tinoco & Wilson 2003) 

The background assumptions in the logistic regression model are much less strict 

than in the multivariate discriminant analysis. For example, no assumptions about 

prior probabilities of classification groups need to be made and it does not require 

multivariate normal distributed variables, though there are some evidence that the 

model is still sensitive to the extreme non-normality. Generally, logistic regression 

is considered less demanding than multivariate discriminant analysis, but there are 

still some problems in the model. Logistic regression is highly sensitive to 

multicollinearity, outliers, and missing values. All of these are present in the financial 

data used in bankruptcy prediction and therefore extra caution needs to be applied 

when conducting the empirical part of this study. 
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4.4 Accuracy Testing of Prediction Models.  

 

Prediction power or accuracy testing of bankruptcy prediction models is usually 

based on the classification capability of the model, and the classification capability 

is measured as a percentage figure of correctly and incorrectly classified 

companies, sometimes as an average of these figures. The critical concept in this 

method is the determination of the cut-off point to be used as a discriminatory factor. 

In the multivariate discriminant analysis the cut-off point is presented as a score 

number and in the logistic regression model it is a specific point of the probability 

function. The basic setting, where classification capability is evaluated, is presented 

in Table 5.   

 

Table 5. Classification matrix  

      

  Predicted groups 

Actual groups Non-bankrupt Bankrupt 

Non-bankrupt Correct Error type 1 

Bankrupt Error type 2 Correct 

 

 

The determination of a cut-off point in the MDA is usually done in a way where two 

distributions, representing estimated scores of bankrupt and non-bankrupt 

companies, are projected on an axis (see Figure 1 below). After that the overlapping 

(the gray area in Figure 1) of these distributions is investigated. This area is 

sometimes called a grey area and by evaluating it the optimal cut-off point can be 

decided. The gray area represents the scores that the model is not capable of 

classifying with a 100% percent accuracy. The optimal cut-off point is determined 

by evaluating in what point of the grey area the number of misclassified companies 

is the smallest, and thus is the point in which the highest accuracy is achieved for 

the whole model. (Altman 1968) 
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Figure 1. Distributions of multivariate discriminant analysis scores 

 

In the logistic regression model, deciding the cut-off point is usually done in same 

way than in the MDA, thus the optimal cut-off point is the one that minimizes the 

number of misclassified companies. However, in the logistic regression model the 

data used is not usually constructed in a way that there would be an equal number 

of bankrupt and non-bankrupt companies. With this kind of data it should be noted, 

that it might be possible to gain high accuracy figures with a cut-off point that 

classifies all the companies as non-bankrupt. For example, if the data contains 900 

healthy companies and 100 bankrupt companies, by classifying all the companies 

as healthy, the accuracy rate would be 90%, which is not the case with the MDA 

because the data is usually selected with a pair-wise method. Based on this, the 

average error of misclassified companies between two groups is usually used as 

the optimal cut-off point, though there are also studies that use a cut-off point that 

minimizes the misclassified number of bankrupt companies, which might be 

reasonable considering the cost of type 1 and type 2 errors. As a generalization, a 

model would have at least some prediction power if it is capable to classify correctly 

a larger amount of companies, than the percentage that is gained by classifying all 

companies as non-bankrupt.  

The difference of costs between type 1 error and type 2 error is also something that 

needs to be considered when determining the cut-off point, although there are some 

differing opinions about it (Balcean & Ooghe 2006). Usually it is believed that the 

type 2 error is much more costly than the type 1 error. This makes sense, if one 

thinks about credit assessment. Type 2 error, a bankrupt company being 
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misclassified as healthy, usually costs the creditor the amount of credit, whereas the 

type 1 error costs only a lost business opportunity. This would suggest that one 

should minimize the possibility of the type 2 error. However, in Ohlson’s (1980) 

study, when the cut-off point was set to the level where no type 2 errors occurred, 

the misclassification rate of non-bankrupt companies was 47%. Therefore, if missing 

business opportunities is more costly to a company than some defaults in the loans, 

then minimizing type 2 error is not optimal. Another example of adjustments to the 

optimal cut-off point might be the case of an accounting auditor. If he uses a 

bankruptcy prediction model to decide whether a going concern opinion should be 

applied. In this case the cost of losing a customer might be relatively low compared 

to the expected costs of stockholders’ law suit. Based on that, the optimal cut-off 

point might be relatively low (or high when probabilities are in question), meaning 

that a healthy company is classified as bankrupt, i.e. type 1 error is extremely costly. 

As seen from these examples, selecting an appropriate cut-off point is always a 

balancing act between two error types, and the decision should depend on the costs 

of type 1 and 2 errors to the user of the model.  Although in an academic setting 

some decision needs to be made if the out-of-the sample testing will be made.  

Final results of the model’s accuracy are usually conducted from out-of-the-sample 

testing. Although sometimes, especially in the earlier literature, model accuracy may 

be based on the in-the-sample testing, meaning that the reported accuracy is either 

the accuracy which is gained by optimizing the cut-off point in the model formation 

data set, or by using the so-called jackknife technique. These differences need to 

be taken into account when comparing the results of the present study to results 

from the preceding literature. For example, Altman (1968) reported his original Z-

score accuracy to be 95%, but when the models predictive capability was tested to 

the hold out sample it was only capable of classifying 79% of the companies 

correctly (Bellovary et al. 2007).      
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5. EMPIRICAL ANALYSIS 

In this chapter the results of the empirical analysis of this study are presented. All 

the statistical analyzes in this study are conducted by using SAS University Edition 

3.1, a freeware version of SAS 9.0 which is intended to be used in non-commercial 

studies.  

In this chapter, first, the data is introduced to the reader, and a univariate analysis 

is carried out. This also includes some basic statistical tests of the financial 

variables. Next, the results of the multivariate discriminant analysis are presented. 

In the MDA section, bankruptcy prediction models for two different time points are 

formed. The third section of this chapter presents the results from the logistic 

regression model and it follows the same structure as the MDA section. In last 

section, the results from every model are summarized and prediction accuracy is 

discussed. Furthermore, the last section also includes discussion about applications 

of the models formed in this thesis as well as some suggestions about future 

research topics.  

 

5.1 Introduction of the Data 

 

The data used in this study is based on financial statements of Finnish companies. 

The financial statements were collected from 2007 to 2010, and the data on 

bankruptcies from 2009 to 2011. The data constitutes of financial statements from 

2112 non-listed limited liability (osakeyhtiö in Finnish) companies, including 1056 

companies that have filed for bankruptcy during the time period. The data includes 

two financial statements from every company. The data is provided by Bisnode 

Finland Oy, a company representing Dun & Bradstreet in Finland. Bisnode is a 

company specialized in providing “relevant business information, marketing, and 

credit solutions” (Bisnode 2013). The data is gathered from Valuatum Oy’s financial 

statement database, whose main function is to provide financial information in a 

standard from to support credit risk assessment and credit decisions. To clarify the 

link between these two companies, it can be simplified that Bisnode is the data 

provider and Valuatum is the company that builds solutions around that data. 
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However, Valuatum is by no means the only company that offers solutions that 

utilize Bisnode’s data.  

1056 bankrupt companies were selected from the Valuatum’s database based on 

two criteria.  Firstly, a company must have filed for bankruptcy between years 2009 

and 2011, and secondly, the financial statement from the year before bankruptcy 

must be available. The second criteria was the one that reduced the amount of 

bankrupt companies significantly. According to Statistics Finland, the amount of 

bankruptcies from years 2009 to 2011, have been 3275 (2009), 2864 (2010), and 

2947 (2011). The most probable reason for the difference between official numbers 

and the data available in the database is that even though filing the financial 

statements to the Finnish patent and registration office (PRH) is mandatory, it is not 

monitored in any way, and there is no real punishment set for not filing the financial 

statement. If one thinks about the kinds of companies that will not file the financial 

statement, albeit it is mandatory, the first thing that rises up is that there might be 

something troubling in the numbers or in the general condition of the company, i.e. 

one might argue that companies facing financial problems are the ones that omit the 

filing, and this skews the data. However, 1056 bankruptcy observations should be 

adequate enough to conduct this research. 

 

Table 6. Frequencies of financial statement observations  

  2007 2008 2009 2010 

One year to prior the bankruptcy   470 782 860 

Two years to prior the bankruptcy 470 782 860   

Total 470 1252 1642 860 

 

The comparison group, 1056 healthy companies, was selected by pairing every 

bankrupt company with a healthy company that had similar sized assets and sales. 

The financial statements of healthy companies are from the same period than the 

matching bankrupt companies. The frequencies of the financial statement 

observations are presented in Table 6. When comparing these figures to official 

bankruptcy figures, interestingly the coverage ratio from 2008, meaning that a 

company has filed for bankruptcy in 2009, is much smaller than from the two other 
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years. Overall the data seems to include only approximately 11% of bankruptcies 

when compared to the official figures.  

 

Table 7. Basic figures from the data from one year to prior the bankruptcy  

  Mean Median Std Dev Min Max N 

Net Sales 1.150 0.349 2.657 0.001 27.764 2112 

Operating Expenses -1.197 -0.376 2.749 -29.868 0.000 2112 

Cash Flow From Operations -0.014 0.004 0.445 -9.921 3.814 2112 

EBIT -0.046 -0.002 0.467 -10.846 3.727 2112 

Net Earnings -0.082 -0.004 0.746 -25.573 3.257 2112 

Liquid Assets 0.116 0.004 0.431 0.000 7.082 2112 

Total Assets 0.648 0.191 1.747 0.005 48.870 2112 

Shareholder's Equity 0.049 0.009 1.012 -20.493 23.083 2112 

Retained Earnings 0.038 0.005 0.570 -9.051 4.274 2112 

Interest Bearing Liabilities 0.364 0.110 1.004 0.001 23.678 2112 

Total Debt 0.599 0.185 1.635 0.001 34.963 2112 

Net Working Capital 0.238 0.060 0.664 -0.114 11.812 2112 

 

 

Basic information about financial statement figures used in this study are presented 

in Table 7. All the figures are calculated from the financial statements from one year 

prior to the bankruptcy financial statements and are presented in millions of euros, 

except current ratio. The presenting order of the figures reflects the order how these 

items are presented in the financial statement. As seen from the table, the size of 

the companies varies quite significantly in the data. The smallest company has 

assets worth of only five thousand Euros, whereas the largest company has almost 

49 million Euros of total assets. There is also a lot of variation in every financial 

statement item that reflects the diversity of the data. Statistics Finland defines small 

and medium sized enterprises (SME) as companies that “have either an annual 

turnover not exceeding EUR 50 million (EUR 40 million before 2003), or an annual 

balance-sheet total not exceeding EUR 43 million (EUR 27 million before 2003)” 

(Official Statistics of Finland 2014).The data represents this definition quite 

accurately and covers both ends of the specification.  
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When comparing mean and median values of the financial statement items, it can 

be concluded that extreme observations affect mean values quite significantly. For 

example, the mean size of total assets is almost three and a half the size of the 

median figure. Same applies also to operating expenses and to amount of interest 

bearing liabilities. The greatest relative difference is between the mean and the 

median of earnings before interests and taxes. However, as absolute figures both 

of these values are acceptable and do not require any actions. 

The average company in the data has 1.15 million Euros of sales and is making 

negative net earnings of 82 000 Euros. Interestingly a median company is making 

losses as well, but at significantly lower rate. The average company’s size of assets 

is approximately 650 000 Euros, and these assets are covered almost totally by 

debt. The equity ratio of an average company is only 6 percent, which is alarmingly 

low. Based on the figures from the Table 7 one can come to the conclusion that 

companies with bad financial figures are dominating companies with healthy figures, 

meaning that companies with bad figures are facing huge losses and have a 

extremely bad financial position, whereas companies with healthy figures are 

making only moderate profits and their financial position is not outstandingly good. 

A comparison between healthy and failing companies will be made in the next 

section of this study.    

 

5.2 Basic Statistics and Analyses 

 

In this section, a univariate analysis is carried out from the financial ratios that are 

used in the later part of this study. First the financial ratios from bankrupt and healthy 

companies are analyzed separately, and after that the distributions of variables 

between failing and healthy companies are compared with each other. In this 

section, the Wilcoxon rank-sum test (WRS) is also done to the variables to identify 

whether there is a statistically significant difference in the distributions between the 

two groups.  

 

 



54 
 

Table 8. Basic summary statistics of financial ratios used in analysis of bankrupt 

companies one year prior to the bankruptcy 

  Mean Median Std Dev Min Max N 

Retained earnings / Total assets -0.409 -0.180 0.734 -3.200 0.937 1056 

EBIT / Total assets (ROA) -0.245 -0.204 0.250 -1.318 0.185 1056 

Logarithm of liquid assets -2.997 -2.996 1.563 -5.809 1.547 1056 

Cash flow from operations / Sales -0.176 -0.106 0.318 -2.281 1.235 1056 

Logarithm of interest bearing liabilities -1.737 -1.808 1.338 -6.908 3.165 1056 

Operating expenses / Total Assets -2.232 -1.839 1.783 -7.910 0.000 1056 

Current assets / Current liabilities 

(Current ratio) 0.713 0.517 0.704 0.000 5.917 1056 

Net income / Total debt -0.271 -0.244 0.243 -1.325 0.516 1056 

Net income / Sales -0.270 -0.163 0.381 -2.407 0.802 1056 

Working capital / Total Assets 0.415 0.355 0.285 -0.182 1.000 1056 

Book value of debt / Book value of 

equity  -1.894 -2.113 3.600 -11.833 12.000 1056 

Sales / Total Assets 3.041 2.456 2.292 0.008 12.043 1056 

Total liabilities / Total assets 1.839 1.610 0.981 0.172 6.271 1056 

Relative change of net income 

compared to the previous period -0.077 -0.110 0.513 -0.996 2.904 1056 

 

In Table 8 the summary statistics of bankrupt companies from one year to prior the 

bankruptcy are presented. The ratio of retained earnings to the total assets in the 

bankruptcy companies is -0.409 on average with a median value of -0.180. The 

negative average and median ratios of this variable suggest that bankrupt 

companies tend to have negative retained earnings, i.e. cumulative losses, in their 

balance sheets. In addition to cumulative losses, the negative average ROA percent 

states that bankrupt companies have also suffered losses in the previous periods, 

meaning that the cumulative losses will continue to grow.  

Negative retained earnings can also be analyzed through debt to equity ratio (book 

value of debt / book value of equity). The only case where this variable could have 

negative values is when the shareholders’ equity is negative. The main reason for 

a situation like that is the cumulative losses that exceed the sum of other items in 

the equity, which seems to be the case in an average bankrupt company. On 

average, bankrupt companies have a debt to equity ratio of -1.894. A negative 

shareholders’ equity also creates another problem where the amount of liabilities 

must exceed the amount of assets. This can be observed trough the variable “total 

liabilities / total assets”. The median value of 1.610 means that this company has 
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over 60 percent more debt than assets. It can also be interpret as the company 

having the amount of negative shareholders’ equity equal to approximately 62 

percent of total assets. There are only very few circumstances where negative 

shareholders’ equity is not extremely alarming, for example when a company’s 

assets are significantly undervalued and the management knows that by realizing 

these assets it can turn the shareholders’ equity back to positive. However, this is 

probably not the case in the majority of the companies in the data, and therefore 

shareholders’ equity solely can be a good predictor of impending bankruptcy. 

The current ratio of bankrupt companies is on average 0.713, which can be 

interpreted as poor based on the recommendations The Guide to the Analysis of 

Financial Statements of Finnish Companies (2013). The mean value of the current 

ratio is 0.517, which means that a company has almost twice as much liabilities 

maturing under one year than assets covering those liabilities. This might lead the 

company to a situation where it needs to seek extra financing to cover the liabilities.  

Net income to total debt, and net income to sales, emphasize the problem of 

bankrupt companies by generating earnings. On average bankrupt companies 

made 27 euro cent losses with every Euro of sales. This value itself is not alarming, 

because one bad year does not usually cause bankruptcy, but when this information 

is combined with the negative retained earnings, it is much more alarming. The last 

variable that measures net sales change in relation to the previous period indicates 

that, on average, bankrupt companies net sales have declined 7.7%. With a 

standard deviation of 0.513, it can be said that most of the bankrupt companies have 

a lower amount of sales in the period before bankruptcy than two years before the 

bankruptcy.  
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Table 9. Basic summary statistics of financial ratios used in analysis from healthy 

companies one year prior to the bankruptcy 

  Mean Median 

Std 

Dev Min Max N 

Retained earnings / Total assets 0.217 0.267 0.481 -3.143 0.977 1056 

EBIT / Total assets (ROA) 0.132 0.102 0.176 -0.182 1.347 1056 

Logarithm of liquid assets -2.840 -2.919 1.774 -5.809 1.958 1056 

Cash flow from operations / Sales 0.149 0.097 0.247 -1.083 2.000 1056 

Logarithm of interest bearing liabilities -2.815 -2.910 1.728 -6.908 1.772 1056 

Operating expenses / Total Assets -2.423 -1.932 1.867 -7.968 0.000 1056 

Current assets / Current liabilities (Current ratio) 2.026 1.635 1.510 0.003 6.952 1056 

Net income / Total debt 0.275 0.143 0.460 -1.188 2.425 1056 

Net income / Sales 0.066 0.041 0.245 -2.333 1.500 1056 

Working capital / Total Assets 0.447 0.414 0.294 -0.001 1.000 1056 

Book value of debt / Book value of equity  1.383 0.832 2.799 -11.300 11.875 1056 

Sales / Total Assets 2.077 1.725 1.636 0.004 10.923 1056 

Total liabilities / Total assets 0.597 0.534 0.422 0.021 3.267 1056 

Relative change of net income compared to the 

previous period 0.053 0.000 0.346 -0.961 2.457 1056 

 

Overall the financial ratios of bankrupt companies are poor. This becomes even 

clearer when the figures from bankrupt companies are compared to the 

corresponding figures of healthy companies, presented in Table 9.  While the 

bankrupt companies have suffered cumulative losses and negative returns on 

assets, healthy companies were just the opposite. On average 21.7 % of the assets 

of non-failing companies are covered with retained earnings, and the average rate 

of return on the assets is 13.2 %. When analyzing minimum and maximum values 

from these variables it becomes clear that there is some variation in the non-failing 

companies as well. There are also some companies with negative retained earnings 

in this group, however the low standard deviation suggests that the number of these 

companies is quite low. Also, the ROA varies from negative to positive values, which 

means that some healthy companies are making losses.  

The profitability of the non-failing companies can also be interpreted through net 

income to total debt and net income to sales ratios. The average net income to sales 

ratio of healthy companies is 0.066, which is significantly different from the failing 

companies’ average. Comparing these figures also illustrates the dominance of 

failing companies in Table 7. Bankrupt companies are making relatively much more 

losses than healthy companies are making profits.  
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Even though logarithmic figures cannot necessarily be interpreted intuitively, the 

figures from different groups can be compared with each other.  Based on two 

different logarithmic measurements it can be said, that on average healthy 

companies have a larger amount of liquid assets, whereas the amount of interest 

bearing liabilities is lower among healthy companies. These two variables are in line 

with the assumptions presented in Table 4, about which way each variable will affect 

the bankruptcy probability. The difference in liquid assets between healthy and 

failing companies is however minimal, and it is quite possible that it is not statistically 

significant. This will be tested in the later part of this section.  

On average, non-failing companies have positive shareholders’ equity and a debt to 

equity ratio of 1.383. However, there are also companies with negative 

shareholders’ equity in the non-failing group. The actual number of these companies 

is 91, and these can cause some problems in the later analyses. The minimum and 

maximum values of the debt to equity ratio are almost equal between the two 

groups. Similarly there seems to be very little difference in the ratio of working capital 

to total assets. All the presented numbers, except the minimum values, are almost 

equal, which could mean that the discrimination power of this ratio could be low.  

When comparing sales to total assets ratio, interestingly the bankrupt companies 

have the highest average and median values. The reason for this is that even though 

healthy companies have, on average, higher sales than failing companies, failing 

companies have much less total assets than healthy companies. This means that, 

when interpreting this figure, one must be careful because the difference in the 

values is caused by the denominator, not the numerator of the formula.  

The average value of the rate of sales change from previous period is positive, 

meaning that non-failing companies have been able to grow their business, on 

average, 5.3 percent. However, the median value is zero indicating that there is no 

change between these two periods. The moderate/zero growth rates in the healthy 

companies can be explained by examining the average GDP growth rate of the 

same time period. According to the World Bank statistics, Finland’s GDP has 

declined 1.9% from 2007 to 2011, so it is natural that even the healthy companies 

have such a moderate growth rates.  
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Table 10. Basic summary statistics of financial ratios used in analysis from bankrupt 

and healthy companies two years prior the bankruptcy 

Bankruptcy (B) / Healthy (H) Mean B Mean H Median B Median H 

Retained earnings / Total assets -0.158 0.203 0.000 0.273 

EBIT / Total assets (ROA) -0.139 0.115 -0.059 0.089 

Logarithm of liquid assets -2.897 -3.183 -2.765 -3.194 

Cash flow from operations / Sales -0.034 0.124 0.000 0.091 

Logarithm of interest bearing liabilities -1.825 -2.803 -1.848 -2.865 

Operating expenses / Total Assets -2.971 -1.942 -2.378 -1.614 

Current assets / Current liabilities (Current ratio) 1.079 2.128 0.847 1.636 

Net income / Total debt -0.103 0.262 -0.087 0.105 

Net income / Sales -0.100 0.043 -0.039 0.035 

Working capital / Total Assets 0.399 0.446 0.340 0.413 

Book value of debt / Book value of equity  -1.005 1.212 -2.056 0.793 

Sales / Total Assets 2.789 2.113 2.348 1.806 

Total liabilities / Total assets 1.225 0.621 1.078 0.559 

Relative change of net income compared to the 

previous period -0.015 0.087 0.000 0.022 

 

In Table 10, the mean and median values of financial ratios from two years prior to 

the bankruptcy are presented. As seen from the table, all the figures from healthy 

companies are relatively at the same level than they were one year prior to the 

bankruptcy. This is of course a desired feature, because it shows that there is no 

significant changes in the overall performance of the companies. However, in 

bankrupt companies there are significant changes.  

When comparing the retained earnings to total assets ratio there is a significant 

down trend between the figures from one year and two years. Two years before the 

bankruptcy failing companies had the value of -0.158, which is less than half of figure 

from one year prior. This can be explained by examining the two year prior return 

on assets, ratio which is -0.139. The losses generated two year prior the event are 

included in the one year prior retained earnings to total assets figure, and that 

explains the downshift of the ratio. Based on the ROA and retained earnings to total 

assets it can be said, that, on average level, bankrupt companies have been making 

losses for at least three periods, and the worsening of profitability of the bankrupt 

companies is not caused by any unexpected sudden event. 
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Based on the rest of the financial variables there seems to be three main 

phenomena happening to the bankrupt companies. First, the cash flow generated 

by operations is shrinking. If one assumes that the operating expenses to sales ratio 

is somewhat constant, the shrinking of cash flows can be explained by negative 

trend of sales growth. This of course negatively affects all the ratios that are derived 

from the income statement, such as the bottom line profitability (net income to sales) 

which has deteriorated from -10% to -27%.  

The second phenomenon is the diminishing assets. This can be examined through 

the sales to total assets ratio. If a company’s sales are declining, the only way how 

sales to total assets ratio can be increasing is the decline in the amount of total 

assets. It also seems that companies are selling their assets to finance their losses, 

since the amount of liquid assets stays at the same level between these two periods.  

The third phenomenon, seems to be an improvement of the efficiency. This can be 

seen from the increase in the ratio of operating expenses to total assets. Also, the 

decrease in the current ratio signals that bankrupt companies reduce the size of 

their inventories, because the decrease in the ratio cannot be explained by the 

amount of the liquid assets. The efficiency improvement also signals that the 

management of the company is aware of the poor financial condition of the 

company, and that the bankruptcy is not caused by any unexpected sudden event. 

These observations also confirms that both the asset based models and the cash 

flow based models can be used to explain the event of bankruptcy.  
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Table 11. Wilcoxon rank-sum test of the one year prior to bankruptcy variables, used in 

analyses 

  Z Value One-Sided Pr > Z Two-Sided Pr > |Z| 

Retained earnings / Total assets 26.3617 <.0001 <.0001 

EBIT / Total assets (ROA) 33.4347 <.0001 <.0001 

Logarithm of liquid assets 1.0936 0.1371 0.2741 

Cash flow from operations / Sales 30.7805 <.0001 <.0001 

Logarithm of interest bearing liabilities -15.2524 <.0001 <.0001 

Operating expenses / Total Assets -2.3326 0.0098 0.0197 

Current assets / Current liabilities (Current 

ratio) 25.3241 <.0001 <.0001 

Net income / Total debt 33.0194 <.0001 <.0001 

Net income / Sales 32.3712 <.0001 <.0001 

Working capital / Total Assets 2.4103 0.008 0.0159 

Book value of debt / Book value of equity  26.2725 <.0001 <.0001 

Sales / Total Assets -10.1986 <.0001 <.0001 

Total liabilities / Total assets -34.2413 <.0001 <.0001 

Relative change of net income compared to 

the previous period 13.1477 <.0001 <.0001 

 

Basic analysis of the financial ratios indicates, that there are differences between 

bankrupt and healthy companies. Lastly in this section the distributions of these 

variables are examined to find out if there are statistically significant differences 

between group the means, of bankrupt and healthy companies, which is of course 

the most crucial background assumption when trying to discriminate two groups 

from each other. In Table 11, the results from the Wilcoxon rank-sum test are 

presented. The table shows that of the 95% confidence level all the variables, except 

the logarithm of liquid assets, have statistically significant differences between the 

group means. Also, 11 out of 14 variables have statistically significant differences in 

the mean value when using a 99% confidence level. The major difference between 

the one and two year prior-figures is that all the variables have statistically significant 

differences in mean values with a 95% confidence level. This also means, that also 

the logarithm of liquid assets passes the test.  

 



61 
 

 

Figure 2 Distributions of EBIT / Total assets from bankrupt and healthy companies 

 

Also, the distributions of bankrupt and healthy companies with every variable are 

examined to get some insight about the discrimination power of the variables. In 

Figure 2 are presented the distributions from EBIT to total assets ratio from each 

group, based on figures from one year prior to the bankruptcy. As seen from the 

figure, the distributions from the two groups differ from each other significantly, 

which is of course the desired feature in discriminant analysis. The distributions are 

however partly overlapping, which means that if this variable is used solely to 

discriminate bankrupt and healthy companies, the result will not be perfect. Even 

so, this variable is probably one of the most capable ones to discriminate the groups. 
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Figure 3 Distributions of the logarithm of liquid assets from bankrupt and healthy 

companies 

In Figure 3, the distributions of the logarithm of liquid assets – based on the figures 

from one year prior to the bankruptcy – for each group are presented. This figure 

illustrates the observations, made in the Wilcoxon rank-sum test, that in this 

variable, there are no statistically significant differences in the group means. As 

seen from the picture, there is very little, or no discriminating power in this variable, 

which means that this variable is expected to be omitted from the final bankruptcy 

prediction models.  

Rest of the distributions from the one year prior the bankruptcy figures are presented 

in Appendix 1. Similar graphs were also made from the two years prior to the event 

–figures, but they were left out from this study since they have very little difference 

on the figures from one year prior to the bankruptcy. Based on the graphical analysis 

on rest of the variables it seems, that in addition to the EBIT to total assets ratio, the 

variables net income to total debt, debt to equity, and total liabilities to total assets 

have the most prediction power. The variables working capital to total assets, 

operating expenses to total assets, and the logarithm of liquid assets on the other 

hand, are the ones for which distributions are overlapping with each other almost 

totally.  
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5.3 Multivariate Discriminant Analysis 

 

In this section the bankruptcy prediction model is built with the multivariate 

discriminant analysis (MDA). First, the data is divided into two sets, of which the 

other is used to build the model, and the other is used to test the prediction power 

and accuracy of the model. The prediction models are built separately for the data 

from one year prior and two years prior to the bankruptcy, because there might be 

differences in what variable predicts failure in different points of time. When the 

models are estimated, their accuracy is tested with the test data set.  

 

5.3.1 One Year Prior the Bankruptcy 

 

The model calibrating data set from one year prior the bankruptcy consists of 1073 

financial statements, of which 536 are from companies that filed for bankruptcy 

within the next calendar year. The test data set, used to test the prediction capability, 

includes the rest of the original data set, consisting of 1039 financial statements and 

520 bankruptcies. The base frequency of bankruptcies in the test data is therefore 

50.048%, which is the accuracy that needs to be exceeded by the models in order 

to have any prediction power. Same calibrating and testing data sets are used also 

in the logistic regression model with the one year prior the bankruptcy data. 

The variable selection for the first MDA model is done with the SAS's STEPDISC 

Procedure, which chooses the most appropriate variables by performing a stepwise 

discriminant analysis. The selection of the variables is done by comparing the F-test 

values before and after every inclusion of the new variable. (SAS Institute Inc. 2015) 

The original list of variables included in the stepwise selection contained a total of 

13 variables. The only variable which is omitted from the list is the logarithm of liquid 

assets, which did not pass the Wilcoxon rank-sum test with the one year prior the 

bankruptcy data.  
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Table 12. Selected variables in the STEPDISC Procedure from the one year prior the 

bankruptcy calibration data 

  Partial R-Square F Value Pr > F 

EBIT / Total assets (ROA) (2) 0.4426 850.43 <.0001 

Retained earnings / Total assets (1) 0.1878 247.47 <.0001 

Book value of debt / Book value of equity  (11) 0.0799 92.89 <.0001 

Logarithm of interest bearing liabilities (5) 0.0352 39.00 <.0001 

Current assets / Current liabilities (Current ratio) (7) 0.0179 19.42 <.0001 

Cash flow from operations / Sales (4) 0.0174 18.89 <.0001 

Relative change of sales compared to the previous 

period (14) 0.0137 14.76 0.0001 

Working capital / Total Assets (10) 0.0119 12.84 0.0004 

 

Table 12, presents the variables chosen to the model by stepwise selection. The 

variables are presented in the same order in which they were included in the model. 

All the selected variables are statistically significant of 99% confidence level. The 

values of partial R-Square are presented in the table as well. Based on these figures, 

the EBIT to total assets ratio is the most capable to explain the differences between 

bankrupt and healthy companies. This is quite obvious, since if a company is 

profitable, it is not likely it files for bankruptcy, at least without something unexpected 

happening. The second most capable variable to discriminate between groups is 

the measurement of cumulative profitability (retained earnings to total assets). This 

also goes without saying, since if a company has a large buffer against possible 

future losses it will decrease the possibility of bankruptcy. Rest of the variables 

included in the model are: debt to equity ratio, logarithm of interest bearing liabilities, 

current ratio, cash flow from operations to sales, relative change in sales compared 

to the previous period, and working capital to total assets. Based on these variables 

it seems that all of the five categories of variables (liquidity, profitability, leverage, 

solvency, and activity), that were in Altman’s (1968) model, are also represented in 

this model. 

 

 

 



65 
 

Table 13. Coefficients and statistics of the discriminant function from the one year 

prior the bankruptcy calibration data 

Raw Canonical Coefficients   

EBIT / Total assets (ROA) (2)   3.0019   

Retained earnings / Total assets (1)   0.5829   

Book value of debt / Book value of equity  (11)   0.1124   

Logarithm of interest bearing liabilities (5)   -0.1667   

Current assets / Current liabilities (Current ratio) (7)   0.2092   

Cash flow from operations / Sales (4)   0.3173   

Relative change of sales compared to the previous period (14) 0.2443   

Working capital / Total Assets (10)   -0.6961   

        

Canonical Correlation   0.7665   

Pr > F   <.0001   

 

After calibrating the model, the parameter coefficients for the discriminant function 

were estimated. In Table 13, the parameter coefficients for each variable are 

presented, as well as the canonical correlation, which should be interpreted as a R-

squared figure, and result from statistical significant test. Based on Table 13, the 

model is statistically significant and it is capable of explaining 76.65% of the variation 

in the dependent variable.  When the signs of the parameter coefficients are 

compared to the hypothesis made in Table 4, all the other variables are affecting 

the bankruptcy as expected, except working capital to total assets. The negative 

sign in this parameter means that, the more a company has working capital 

compared to the total assets, the higher the risk of bankruptcy is. This can be 

interpreted to mean that healthy companies are working efficiently, whereas the 

failing companies tend to have a large amount of working capital.  

One possible reason for a higher net working capital to total assets ratio in the 

bankrupt companies is that these companies do not have an incentive to do write-

down of the accounts receivable and inventories. It is probable, that the healthy 

companies are more likely to do write-downs because of the income statement 

effect, that leads to a lower taxation, whereas failing companies do not want to 

decrease their already bad profitability and financial position further.  

 



66 
 

The final bankruptcy prediction model for the data, from one year prior to the 

bankruptcy, with MDA is: 

 

𝐷𝑖𝑠𝑐. 𝑆𝑐𝑜𝑟𝑒 = (2) ∗ 3.0019 + (1) ∗ 0.5829 + (11) ∗ 0.1124              (23) 

+(5) ∗ −0.1667(7) ∗ 0.2092 + (4)  ∗ 0.3173 + (14) ∗ 0.2443 + (10) ∗ −0.6961 

  

where numbers in parentheses correspond to the variables presented in table 13. 

The discriminant score produced by the formula should be interpreted as the 

company being classified as bankrupt it the value is below zero, and classified as 

healthy if the value is above zero. 

 

Table 14. Classification accuracy of the one-

year-prior MDA model 

Bankruptcy 0 1 Total 

0 467 52 519 

  89.98 % 10.02 % 100.00 % 

1 67 453 520 

  12.88 % 87.12 % 100.00 % 

Total 534 505 1039 

  51.40 % 48.60 % 100.00 % 

 

 

In Table 14, the prediction accuracy of the one-year-prior MDA model, which is 

calculated from the test data set. The overall accuracy of the model is 88.5%, 

meaning that 920 companies where classified into the right group. From the 

bankrupt companies, 12.88% were classified as healthy and from the healthy 

companies, 10.02% were classified as bankrupt, meaning the overall error rate was 

11.5%. The result can be seen as surprisingly good and it confirms that there is true 

prediction power in the model. However, the cut-off point of zero might not be 

optimal, since typically, in credit decisions, classifying bankrupt company as healthy 

is much more costly than classifying a healthy company as bankrupt. 
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Figure 4 Distributions of discriminant scores between the two groups from the data 

one year prior to the bankruptcy 

In Figure 4, is presented the distributions of discriminant scores calculated from the 

equation 23 to the one year prior the bankruptcy test data. The figure demonstrates 

the classification capability of the model graphically. As seen from the figure, the 

model has formed two classes with different means. The darker area in the figure’s 

histogram bars represents the area where the misclassified companies are located. 

Based on this darker area, it can be concluded that in both groups there are 

companies that should belong to the other group, when the financial statement 

information is used as data. This indicates that in the healthy companies group there 

are companies with a poor financial position and performance but they have been 

“rescued” in some way. Typically, this “rescue” means that owners of the company 

invest more money to it or they have been able to get more financing in some other 

way. In the failing companies group, there are companies with healthy financial 

figures, but have still for some reason or another filed for bankruptcy. One possible 

reason for this is some sudden unexpected action, that cannot be observed trough 

financial statement information.  

 

-4 -2 0 2 4

Discriminant score

0

10

20

30

P
er

ce
nt

BankruptHealthyBankruptHealthy



68 
 

If one wants to increase the classification rate of bankrupt companies, the cut-off 

point can be shifted. By increasing the value of the cut-off from zero to 0.96, the 

classification of bankrupt companies is improved so that 95% of them are classified 

correctly. However, this does not go without punishment. With the cut-off point of 

0.96, only 65.7 percent of healthy companies are classified correctly. In this case 

the overall accuracy of the model would be 80.4%, which is significantly lower than 

the original classification rate. The optimal cut-off point always depends on the costs 

of misclassification, and it should be decided by the party utilizing the model.  

 

5.3.2 Two Years Prior the Bankruptcy 

In the two year prior the bankruptcy model, the same overall procedure is used than 

in the previous section. First the data is divided into two groups, the calibration data 

set and the testing data set. The data is divided randomly in half, so that in both of 

the subsets the base frequency of bankruptcy is approximately 50%. The calibration 

data set consists of 1067 companies of which 545 are from companies that filed for 

bankruptcy two years after the fiscal year the company's financial statement is from. 

The test data set consists of 1045 companies with 511 bankruptcies, meaning a 

48.9 % base frequency of bankruptcy. The same data sets are also used with the 

two year prior the bankruptcy logistic regression model. 

 

Table 15. Selected variables in the STEPDISC Procedure with two years prior 

the bankruptcy calibration data 

  Partial R-Square F Value Pr > F 

Total liabilities / Total assets (13) 0.3033 363.46 <.0001 

Cash flow from operations / Sales (4) 0.0647 57.66 <.0001 

Net income / Total debt (8) 0.0238 20.30 <.0001 

Relative change of sales compared to the 

previous period (14) 0.0080 6.71 0.0098 

Operating expenses / Total Assets (6) 0.0071 5.95 0.0149 

Logarithm of interest bearing liabilities (5) 0.0101 8.50 0.0036 

Retained earnings / Total assets (1) 0.0040 3.30 0.0696 

Current assets / Current liabilities (Current 

ratio) (7) 0.0031 2.59 0.1082 

Book value of debt / Book value of equity  

(11) 0.0031 2.61 0.1069 
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In Table 15, the variables chosen for the two year prior the bankruptcy model by 

stepwise selection are presented. The variables are presented in same order in 

which they were included in the model. In this case, all of the 14 variables were 

entered to the stepwise selection, from which nine variables were selected to the 

model. Six out of these nine variables were statistically significant explanatory 

variables by themselves, with a 95% confidence level. The rest three variables were 

statistically significant only with the other variables but not by themselves. In the two 

year prior the bankruptcy calibration data the most capable variable to explain the 

variation in the bankruptcy is total liabilities to total assets, and the second best is 

cash flow from operations to sales. Rest of the variables included in the two year 

prior the bankruptcy model are: net income to total debt, relative change of sales 

compared to the previous period, operating expenses to total assets, the logarithm 

of interest bearing liabilities, retained earnings to total assets, current ratio, and debt 

to equity ratio. The partial R-square of the last seven variables indicates that they 

are mostly not capable of explaining the variation of the bankruptcy as sole 

explanatory variable. This indicates that the classification rate of the two-years-prior 

MDA model would probably be significantly lower than the one year prior model’s.  

The variables chosen for to this model differ from the variables in the one year prior 

model. The best explanatory variable (EBIT to total assets) in the one year model is 

not included in this model. Also the working capital to total assets, that was in the 

one year model, is excluded from this one. The new variables, that were not present 

in the previous model, are: total liabilities to total assets, net income to total debt, 

and operating expenses to total assets.  
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Table 16. Coefficients and statistics of the discriminant function from two 

years prior the bankruptcy calibration data 

  

Raw Canonical 

Coefficients   

Total liabilities / Total assets (13)   -1.0112   

Cash flow from operations / Sales (4)   1.2754   

Net income / Total debt (8)   0.4761   

Relative change of net income compared to the 

previous period (14)   0.3753   

Operating expenses / Total Assets (6)   0.1347   

Logarithm of interest bearing liabilities (5)   -0.1752   

Retained earnings / Total assets (1)   0.0316   

Current assets / Current liabilities (Current ratio) (7)   0.0017   

Book value of debt / Book value of equity  (11)   0.0659   

        

Canonical Correlation   0.6680   

Pr > F   <.0001   

 

In Table 16, are presented the parameter coefficients for each variable, as well as 

the canonical correlation, which should be interpreted as a R-squared figure, and 

result from statistical significant test. Based on Table 16, the model is statistically 

significant and capable of explaining 66.80% of the variation in the dependent 

variable in the calibration data set.  Also, in this model all the variables affect the 

bankruptcy risk in the way expected in Table 4. One noticeable thing in the 

parameters coefficients is, that the last three variables seem to have almost no 

effect on the discriminant score, which reflects to the significance test in the table 

16. For example, in theory the highest value that the retained earnings to total assets 

can be is approximately one. This means that a company is debtless, and even in 

this situation the discriminant score is increased only by 0.0316. Because these 

variables have no real effect on the score, they were left out from the final model.  

The final bankruptcy prediction model for the data, from two years prior to the 

bankruptcy, with MDA is: 

𝐷𝑖𝑠𝑐.  𝑆𝑐𝑜𝑟𝑒 = (13) ∗ −1.0112 + (4) ∗ 1.2754 + (8) ∗ 0.4761       (24) 

+(14) ∗ 0.3753 + (6) ∗ 0.1347 + (5) ∗ −0.1752 
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The numbers in parentheses correspond to the variables presented in Table 16. In 

this model the cut-off point is -0.21109, meaning that companies with the 

discriminant score below that are classified as bankrupt. 

 

Table 17. Classification accuracy of the 

two-years-prior MDA model 

Bankruptcy 0 1 Total 

0 484 50 534 

  90.56 % 9.44 % 100.00 % 

1 139 372 511 

  27.12 % 72.88 % 100.00 % 

Total 615 430 1045 

  58.81 % 41.19 % 100.00 % 

 

 

In Table 17, is presented the prediction accuracy of the two-years-prior model. The 

overall accuracy of the model is 81.9%, meaning that 856 companies where 

classified to the right group. Of the bankrupt companies, 27.12% were classified as 

healthy, and of the healthy companies 9.44% were classified as bankrupt, meaning 

the overall error rate was 18.8%. The accuracy is a little worse than with the one- 

year-prior model, but it still can be seen as pretty good. One noticeable thing about 

the figures is the high misclassification rate of bankrupt companies. In contrast, the 

misclassification rate of healthy company actually improved in this model. The 

relative amount of misclassified bankrupt companies over doubled in comparison to 

the one year model, which is of course expected, since when the time between the 

observation point and the event increases, there is much more that can happen to 

a business. The high misclassification rate of bankrupt companies also suggests, 

that some of the companies have had decent financial figures two years before the 

year of bankruptcy, and the worsening in the figures has happened between the 

year before failure and the two years prior to it. In Figure 5, presented below, 

distributions of discriminant scores from the two-years-prior model are shown. As 

seen from the figure, increasing the cut-off point, meaning that the classification 
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accuracy of bankrupt companies will increase, would lead to a significant reduction 

in the prediction accuracy of healthy companies.  

 

 

Figure 5 Distributions of discriminant scores between the two groups the from two 

years prior the bankruptcy data 

 

5.4 Logistic Regression Analysis 

 

In this section, bankruptcy prediction models are formed with the logistic regression. 

The bankruptcy prediction models for the data from one year and two years prior to 

the bankruptcy are formed from the calibration data sets. This is done by SAS’s 

logistic procedure with stepwise selection. With stepwise selection the most severe 

problem, multicollinearity, is avoided in a similar fashion than with the MDA models. 

The data sets used in the model formation are the same that were used in the MDA 

section. After the models are formed, their accuracy is tested with the test data sets. 

The prediction power is analyzed in the same fashion than in the MDA section, i.e. 

using a classification matrix. Also the marginal effect of some key variables on the 

bankruptcy risk is analyzed.  
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5.4.1 One Year Prior the Bankruptcy 

 

The model formation in the logistic one-year-prior model is done with a stepwise 

selection. The variables included in the procedure are the same that were used in 

the one-year-prior MDA model formation, i.e. the total number of entered variables 

is 13 and the variable left out from the procedure is the logarithm of liquid assets, 

which does not pass the Wilcoxon rank-sum test. The stepwise selection in the 

logistic regression works in the way that at first the intercept and first explanatory 

variable is included in the model. After that, the significance level of the chi-square 

is calculated to all the variables not included in the model and the variables included 

in the model. If some variable in the model is not statistically significant at the 

confidence level of 95 percent, it is removed. If none of the already included 

variables are removed then the variable that has the highest significance level is 

included into the model. These steps are repeated until there are no variables 

outside the model that are statistically significant at the 95% confidence level.  

 

Table 18. Summary of the stepwise selection on the one-year-prior logistic 

model 

  

Number 

In Chi-Square Pr > ChiSq 

EBIT / Total assets (ROA) (2) 1 474.9131 <.0001 

Retained earnings / Total assets (1) 2 123.9801 <.0001 

Current assets / Current liabilities (Current 

ratio) (7) 
3 

16.0751 <.0001 

Logarithm of interest bearing liabilities (5) 4 8.5477 0.0035 

Net income / Total debt (8) 5 9.3216 0.0023 

 

Table 18, presents the results from the stepwise selection. The variables are 

presented in the same order that they were included in the model. The first two 

variables included in the model are exactly the same that were included in the MDA 

model in the first place. Also, the variables current ratio and logarithm of interest 

bearing liabilities were included in the MDA, however the order was different. Net 

income to total debt is the only variable that is not present in the MDA, and it is the 

last to be selected to the logistic model. The one-year-prior logistic model includes 
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a total of five variables, which all are statistically significant at the five percent risk 

level.  

 

Table 19. Results from the logistic regression of the one-year-prior logistic model 

  Estimate 

Standard 

Error 

Chi-

Square Pr > ChiSq 

Odds 

Ratio  

Intercept 0.403 0.213 3.597 0.058   

EBIT / Total assets (ROA) (2) -8.935 1.425 39.322 <.0001 <.0001 

Retained earnings / Total assets (1) -1.329 0.195 46.617 <.0001 0.265 

Current assets / Current liabilities 

(Current ratio) (7) -0.356 0.124 8.183 0.004 0.701 

Logarithm of interest bearing liabilities 

(5) 0.234 0.068 11.966 0.001 1.263 

Net income / Total debt (8) -1.972 0.968 4.153 0.042 0.139 

Likelihood Ratio     847.3481 <.0001   

Wald     249.1149 <.0001   

 

 

Table 19, shows the results of the one year prior the bankruptcy logistic model from 

the calibration data set. Based on the likelihood ratio and Wald’s test, the model is 

statistically significant and thus capable of predicting bankruptcy. All the parameter 

coefficients in the model have signs corresponding to the hypothesis made in Table 

4, meaning that an increase in the amount of interest bearing liabilities would 

increase the probability of bankruptcy, and an increase in all the other variables 

would lower it. All the variables are also statistically significant in the five percent 

risk level, except the intercept which is left out from the final model. The odds ratios 

in Table 19 indicate how much a one unit change in the variable would change the 

probability of bankruptcy, if all the other variables stay at the same level. For 

example, change in the EBIT to total assets from zero to one would decrease the 

probability of bankruptcy to almost none. This is of course quite expected, since a 

company is not likely to be declared bankrupt any time soon if it is earnings operative 

profits equal to its total assets.   
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The final form of the one-year-prior logistic model, expressed in terms of the 

bankruptcy probability is:  

 

𝑃 =
1

1+ 𝑒−(−8.935∗(2)−1.329∗(1)−0.356∗(7)+0.234∗(5)−1.972∗(8)          (25) 

 

where the numbers in parentheses correspond to the variables presented in Table 

18. The output of equation 25, is the predicted bankruptcy probability. When 

classifying companies based on the predicted probability, the cut-off point is the 

base frequency of the bankruptcy event in the data. In this case, the figure is 50.05 

percent, meaning that companies below that probability are classified as healthy, 

and companies above that figure are classified as bankrupt.  

 

Table 20. Classification accuracy of the 

one-year-prior logistic model 

Bankruptcy 0 1 Total 

0 482 37 519 

  92.87 % 7.13 % 100.00 % 

1 78 442 520 

  15.00 % 85.00 % 100.00 % 

Total 560 479 1039 

  53.90 % 46.10 % 100.00 % 

 

Table 20, presents the prediction accuracy of logistic regression model for the one 

year prior the bankruptcy test data set. The model is tested with the same testing 

data set than in the one year prior MDA model. The overall accuracy of the model 

is 88.9 percent. Of healthy companies, 92.87% were classified correctly, as well as 

85% of the bankrupt ones. A total of 115 companies were misclassified, and this 

number consists of 37 healthy companies, that were predicted to belong to the 

bankrupt group, and 78 bankrupt companies, that were classified as healthy.  
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Figure 6 Predicted probabilities of an example company with the one-year-prior 

logistic model 

In Figure 6, the predicted probabilities of an example company are presented. The 

EBIT to total assets ratio is on the horizontal axis, and the rest of the variables are 

fixed at: retained earnings to total assets 0.05, logarithm of interest bearing liabilities 

-2.31, current ratio 1.341, and net income to total debt 0.05. As seen from the figure, 

the 50% estimated probability is at the EBIT-to-total assets level of approximately -

13.24%. This means that even if the company had made operative losses of an 

amount of 13 % of the total assets, and has other ratios at the fixed level, it would 

have been classified as healthy. If the company had made zero operative profits, 

the probability of bankruptcy would have been only 23.5%. Figure 6 also 

demonstrates that even the slightest improvement in the operative profitability will 

decrease the probability of bankruptcy significantly.  

 

5.4.2 Two Years Prior the Bankruptcy 

 

In this section, the two years prior the bankruptcy model is formed with logistic 

regression. The procedure in this section is exactly the same as with the one year 

prior the bankruptcy logistic regression model. First the variables are selected with 

the stepwise selection and the model is estimated from the calibration data. After 
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that, the prediction power of the model is tested with the test data and the effect of 

the operative profitability on the bankruptcy probability is analyzed.  

Table 21. Summary of the stepwise selection of the two-years-prior logistic model 

  Number In 

Chi-

Square Pr > ChiSq 

EBIT / Total assets (ROA) (2) 1 156.8354 <.0001 

Retained earnings / Total assets (1) 2 119.4738 <.0001 

Logarithm of interest bearing liabilities (5) 3 24.0522 <.0001 

Relative change of sales compared to the previous period 

(14) 
4 

5.8873 0.0153 

Net income / Total debt (8) 5 4.5179 0.0335 

 

Table 21, presents the results from the stepwise selection of the variables for the 

two-years-priors logistic model. The variables are presented in the same order as 

included in the model. The variables in this model are exactly the same than in the 

one-year-prior logistic model, except that the current ratio is replaced with the 

variable ‘relative change of sales compared to the previous period’. The relative 

change of sales is also included in the two-years-prior MDA model, but not in the 

one-year-prior MDA model. All the variables selected to the model are statistically 

significant at the 5 percent risk level. 

 

Table 22. Results from the logistic regression of the two-years-prior logistic model 

  Estimate 

Standard 

Error 

Chi-

Square 

Pr > Ch

iSq 

Odds 

Ratio 

Intercept 0.5972 0.1459 16.7465 <.0001   

EBIT / Total assets (ROA) (2) -2.5419 1.0153 6.2684 0.0123 0.079 

Retained earnings / Total assets (1) -2.2698 0.2862 62.9109 <.0001 0.103 

Logarithm of interest bearing liabilities (5) 0.1280 0.0558 5.2705 0.0217 1.137 

Relative change of sales compared to the 

previous period (14) -0.5519 0.2029 7.4006 0.0065 0.576 

Net income / Total debt (8) -3.2637 0.8863 13.5612 0.0002 0.038 

Likelihood Ratio     465.2749 <.0001   

Wald     198.8204 <.0001   
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Table 22, presents the results from the two-years-prior logistic model. The model is 

statistically significant based on the likelihood ratio and Wald-test. In this model the 

intercept is statistically significant as well, and thus included in the final model. 

Based on the parameter estimates, it seems that two years prior the bankruptcy 

there are three variables that affect the bankruptcy probability most: EBIT to total 

assets, retained earnings to total assets, and net income to total debt. In the one-

year-prior logistic model the EBIT to total assets variable dominates all the other 

variables, whereas in this model variables are contributing more evenly. Also, the 

sign of the parameter estimates are in line with the hypothesis, meaning that for 

example, an increase in the sales would decrease the probability of bankruptcy.  

The final form of the two-years-prior logistic model, expressed in terms of the 

bankruptcy probability is:  

 

𝑃 =
1

1+ 𝑒−(0.5972−2.5419∗(2)−2.2698∗(1)+0.128∗(5)−0.5519∗(14)−1.972∗(8)    (26) 

 

where the numbers in parentheses correspond to the variables presented in Table 

21. The output of equation 26 is the predicted bankruptcy probability. When 

classifying companies based on the predicted probability, the cut-off point is the 

base frequency of the bankruptcy event in the data. In this case, the figure is 48.9 

percent, meaning that companies below that probability are classified as healthy, 

and companies above that figure are classified as bankrupt.  

 

Table 23. Classification accuracy of the 

two-years-prior logistic model 

Bankruptcy 0 1 Total 

0 438 96 534 

  82.02 % 17.98 % 100.00 % 

1 95 416 511 

  18.59 % 81.41 % 100.00 % 

Total 533 512 1045 

  51.00 % 49.00 % 100.00 % 
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Table 23, presents the classification capability of the model in a similar fashion than 

with other models. The model is capable of predicting the right outcome for 854 

companies from the total of 1045 companies, meaning an overall accuracy of 

81.7%. With this model, companies were misclassified to bankruptcy and healthy 

groups almost evenly, which differs from the other models. In the other models, the 

error rate of bankrupt companies is significantly higher than the error rate of healthy 

companies, but with this model the error rates are almost the same. 96 healthy and 

95 bankrupt companies were classified to wrong groups, stating an error rate of 

18.3%.  

 

 

Figure 7 Predicted probabilities of an example company with two-years-prior 

logistic model 

Figure 7, illustrates predicted probabilities of an example company, in a similar 

fashion than in Figure 6. The operational profitability of the example company is on 

the horizontal axis, and other variables are fixed at: retained earnings to total assets 

0.05, logarithm of interest bearing liabilities -2.31, relative change of sales compared 

to the previous period 0.03, and net income to total debt 0.05. When comparing this 

figure with Figure 6, the apparent difference is that 50 percent probability point is 

shifted to the EBIT to total assets rate of 0.029. This means that even if a company's 

sales are increasing and it has otherwise similar figures than one year after this point 

of time, it is at risk of bankruptcy, if it does not make a return on assets at the rate 

of approximately 3%. Based on this, it can be concluded, that if a company is making 
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operative losses, there is a substantial probability that it will be declared bankrupt in 

two years from now, but this of course depends on the size of the retained earnings 

of the company. In this example, the retained earnings ratio to total assets is only 

0.05. If this figure is increased to 0.2, the example company can make a return on 

assets of -10%, and still be classified as healthy. This confirms that the model is 

working somewhat coherently, since if the buffer against possible future losses is 

increased, moderate operative losses by themselves are not critical for the 

company.  

 

5.5 Summary of the Results and Possible Applications 

 

In this section the empirical analysis of this master’s thesis was presented. First the 

data was introduced and analyzed.  After that, four different bankruptcy prediction 

models were formed, two for the one year prior the bankruptcy data, and two for the 

two years prior the bankruptcy data. The data sets were divided into two subgroups 

of which the other was used to estimate models, and the other to test the prediction 

accuracy of the models. In this section, the results of the models are compared with 

each other, and also some comparison is made to the models presented in the 

chapter on preceding literature. In addition, the results are summarized, possible 

applications are discussed, and future research topics are proposed.  

Table 24. Summary of the results         

Model 

ID 

Statistical 

Method Period 

Number 

of 

Variables Variables  

Overall 

Accuracy 

Error rate 

of B. 

Error rate 

of H. 

1 MDA 1 8 2,1,11,5,7,4,14,10 88.50 % 12.88 % 10.02 % 

2 MDA 1 9 13,4,8,14,6,5,1,7,11 81.90 % 27.12 % 9.44 % 

3 LOG 2 5 2,1,7,5,8 88.90 % 15.00 % 7.13 % 

4 LOG 2 5 2,1,5,14,8 81.70 % 18.59 % 17.98 % 

 

In Table 24, the results are summarized from the four prediction models build in the 

empirical part of the present study. The number of variables included in the models 

varies from five to nine. There are two variables that are included in all models, the 

retained earnings to total assets and the logarithm of interest bearing liabilities. The 
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inclusion of the retained earnings to total assets indicates, that cumulative 

profitability, that creates a buffer against possible losses faced in the future, is an 

extremely important factor when analyzing the possibility of bankruptcy. This is not 

surprising, since a company will survive for some period of time if it has the ability 

to cover losses with retained earnings. This also became clear when Figures 6 and 

7 were compared with each other. The retained earnings to total assets represents 

the solidity side of the bankruptcy predictors. The inclusion of the logarithm of 

interest bearing liabilities in the models, represents the other way a company can 

face bankruptcy, the so called liquidity bankruptcy. If a company has a high amount 

of interest bearing liabilities on its balance sheet, it is more likely to fail. Especially 

when a high amount of interest bearing debt is combined with poor profitability.  

Four variables were included to three out of the four models. Variables 2 and 8 – 

EBIT to total assets and net income to total debt – measure the profitability of a 

company. The importance of profitability is quite obvious, since a profitable company 

is not likely to go bankrupt without any unexpected event. Variable 7, current ratio, 

was also included in three models. This variable measures the short term liquidity 

of a company. Variable 14, relative change of sales compared to the previous 

period, was also included in three models. This indicates that if a company is able 

to increase its sales it is not likely to file bankruptcy. However, the effect of the sales 

increase to bankruptcy on not linear. Based on the Moody’s (2001) analyses, the 

probability of bankruptcy starts to increase when the sales growth exceeds a certain 

level. The reason for this might be that if a company is growing too fast, the 

organization is not able to handle it anymore and makes critical mistakes.  

Rest of the variables were included in one or two models. The five most used 

variables represent both the theoretical and the empirical side of bankruptcy 

prediction. Variables 1 and 2 were included in Altman’s (1968) Z-score. However, 

none of the variables used in Ohlson’s (1980) logistic prediction model were among 

the five used in this study. For example, variable 10, working capital to total assets, 

which was in Ohlson’s model is only included in model number 1 of the present 

study. Based on the most used variables, it can be concluded that profitability, 

liquidity, and solidity are the most important factors of a bankruptcy in this study. 
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The overall accuracy of the models varies between 81.7% and 88.9%. Based on the 

overall accuracies, each one of the models has significant prediction power, since 

in each case the base frequency of bankruptcy is exceeded by the classification 

accuracy. The most accurate model was the logistic model for one year prior the 

bankruptcy, and the least accurate one was the model number 4 (two-years-prior 

logistic model). Interestingly, the logistic regression model has both the highest and 

the lowest accuracy rate. Even though the differences are minimal, it seems that the 

logistic model is more capable of predicting bankruptcy accurately one year prior 

the event, and MDA two years prior the event. On average, the prediction accuracy 

increased by 6.9 percentage points when the prediction horizon was reduced from 

2 years to 1 year. The increase in accuracy was expectable, since longer prediction 

horizons contain more uncertainty.  

The highest accuracy achieved in this study was 88.9%. This means that even the 

best model misclassified 11.1% of the companies. This illustrates the challenges of 

bankruptcy prediction based on the historical financial statements. Laitinen (1991) 

studied different bankruptcy processes and classified bankrupt companies into three 

different groups. Group 1 contained companies with a steadily poor financial 

performance and group 2 contains companies with otherwise average financial 

position but not profitable enough to be able to cover the financing costs. Both of 

these groups are most probably included in the 88.9 percentile of correctly classified 

companies. The third group is a group of companies of which bankruptcy is 

consequence of some unexpected event, and thus not predictable from the historical 

financial statements. This is a real problem when only financial information is used 

for the prediction. Bankruptcy by itself is a complex process, and to be able to 

classify the companies from the third group correctly, a lot more information than 

just the financial statements are needed. 

When comparing the accuracy of the models built in this study to Altman’s (1968) 

and Ohlson’s (1980), the results are mixed. Altman’s model was capable of 

predicting 95% of the outcomes correctly one year prior the bankruptcy, and 83% 

two years prior the bankruptcy. Both of these percentages are higher than 

documented in this study. However, Altman’s percentages are based on in-sample 

testing. Also, the drop in the accuracy between the different prediction horizons of 
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Altman’s model is much greater than with the models in this study. This is probably 

due to the fact that in the present study, one and two year prior the bankruptcy is 

predicted with combination of variables, whereas Altman used the same model for 

both of the periods. Moreover, Altman’s sample size was significantly lower than in 

the present study, which might explain the differences.  

Ohlson (1980) was able to reach a 96.12 percent accuracy with his model. However, 

the percentage is misleading, since if every company in his data had been classified 

as healthy the accuracy figure would have be on 91.15%. When Ohlson’s model 

was tested with a similar setting than Altman’s model, the overall error rate was 14.9 

percent. In this setting, Ohlson’s model misclassified 17.4 percent of healthy and 

12.4 percent of bankrupt companies. Based on this, Ohlson’s model is slightly better 

in predicting bankruptcy than the models build in the present study, though the 

classification rate of healthy companies is much worse. This of course depends on 

the cut-off point, which was optimized in Ohlson’s model but not in the present study.  

Overall, based on the empirical findings of this study, it can be concluded that 

financial statements contain a lot of useful information about the possibility of future 

bankruptcy. On average, bankrupt companies seem to have a worse financial 

performance and position than healthy companies. Furthermore, financial 

information can be used to build statistical prediction models, that have significant 

prediction power on the probability of bankruptcy in the future.  Both the multivariate 

discriminant analysis and the logistic regression were found to be appropriate tools 

for predicting bankruptcy, and the classification accuracy of these methods was 

almost equal. Also, the prediction accuracies of the models build in this study were 

in line with previous findings. For example, Aziz and Dar (2004) investigated 

bankruptcy prediction researches, that used logistic regression and found, that the 

average accuracy of data from one year prior the bankruptcy was 87%. 

In this thesis, four different bankruptcy prediction models were formed, of which all 

of them can be utilized in credit risk assessment extremely easily. These models 

can be used as reference information about risk and be included in the credit risk 

assessment process to support decision making. Parties that can utilize these 

models are numerous, from companies that are selling products with credit to their 

customers, such as Neste Oil, to companies that grant loans, such as Finnvera. 
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Overall, these models can be valuable to all the operators that are dealing with credit 

risk. The value of these models is also increased by the fact that methods used to 

estimate these are somewhat simple, and therefore the understanding of the output 

figures should be at high level. Furthermore, techniques used in this thesis can be 

applied to estimate and test accuracies of new models, if some specific parameters 

are needed to be included for bankruptcy prediction.  

One possible problem, that arises from the empirical part, is related to the 

explanatory variables in the logistic models. Even though the logistic function by 

itself is not a linear one, it is linear in its parameters. This means that it assumes 

that explanatory variables are linearly compensating each other, which is, at least 

in a common sense, highly unlikely in a real world setting. For example, assume a 

logistic prediction model with two independent variables, cash to total assets (C/TA) 

and cash flow to total assets (CF/TA).  Let also assume that some random company 

has C/TA of 5%, CF/TA of 5% and the critical ratio of the cash to total assets that 

leads to insolvency is at 3% level. Furthermore the estimated parameter coefficients 

for these variables are so that the risk stays at the same level when C/TA drops to 

3% and CF/TA rises to 10%. Based on the linearity of the function, this rate of 

change must hold for any values of the variables. Thus, if a company’s cash to total 

assets is at a strong level of 50%, a minor 2% drop, which leads to almost 

equivalently strong 48% cash to total asset ratio, must be compensated by doubling 

the CF/TA ratio from 5% to 10%, to maintain the same risk level. In common sense 

this would seem unrealistic, and therefore the marginal rate of substitution between 

explanatory variables should not be assumed to be constant. (Laitinen & Laitinen 

2000) 

After conducting empirical part of this study, two possible future research topics 

arose. The first one is related to the limitation of the logistic model where single 

ratios are used as explanatory variables. The future research topic could be studying 

the interactions of the explanatory variables and building a model where non-linear 

substitution is taken into account.   

The other future research topic would be to build and test a model where some 

metrics of managerial actions are included in the model. At least in theory, managers 

of the company could affect the financial statement figures, as well as the resulting 
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ratios. If one thinks about a company that is facing financially challenging times and 

is about to drift towards bankruptcy, the management of the company would 

probably try to do everything that is under their control not to worsen the situation 

anymore. One thing that the management would probably avoid are write-downs, 

for example in inventories and accounts receivable because these write-downs 

would lower the profitability even more. This could be examined trough the ratios of 

inventories to sales and accounts receivable to sales. If there was a significant 

increases in these ratios, it could be assumed that there is something wrong in the 

numbers, since healthy companies are likely to keep these items “clean” because 

of the tax benefit that write-downs offer. Also, other ratios like these could be 

examined to see whether these variables are capable of predicting bankruptcy.   
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6. CONCLUSIONS 

In this master’s thesis, predicting bankruptcies of Finnish private companies with 

statistical methods was studied. The main research question to which this study tries 

to find an answer is: Is it possible to predict the bankruptcies of Finnish private 

companies with statistical methods based on historical financial statement 

information. The answer to this question was formed based on the five sub 

questions that were: 1.) Which financial ratios should be used when building a 

statistical prediction model of bankruptcy?, 2.) Are there differences between 

healthy and failing companies in their financial position and performance?, 3.) Is 

logistic regression an appropriate method and is it capable of predicting the 

bankruptcies of Finnish companies?, 4.) Is multivariate discriminant analysis an 

appropriate method and is it capable of predicting the bankruptcies of Finnish 

companies?, and 5.) Is there a difference in the prediction power between the 

logistic and the MDA model? The desired output of this thesis is a prediction model 

that can be utilized in credit decision making.  

First, the relevant preceding literature was presented. Starting from the earliest 

bankruptcy prediction studies from 1930’s. After that, Altman’s (1968) revolutionary 

Z-score model was presented. The Z-score model is probably the most well-known 

and widely used bankruptcy prediction model of all time. The Z-score equation was 

formed with multivariate discriminant analysis, which was also one of the statistical 

methods used in this thesis. After Altman’s model, the first bankruptcy prediction 

model that utilize logistic regression was introduced. With this model, Ohlson tried 

to overcome the problems of the MDA method, and formed the first probabilistic 

bankruptcy prediction model. Logistic regression was the other statistical method 

chosen for the use of this study, and therefore Ohlson’s model is extremely relevant. 

After the introduction of Ohlson’s model, the rest of the preceding literature review 

introduces bankruptcy prediction studies conducted in Finland, and the current state 

of bankruptcy prediction was briefly discussed as well.   

In the third chapter of this thesis, the theoretical framework of bankruptcy was 

presented. First the definition of bankruptcy was discussed, the different versions of 

bankruptcy definition used in the preceding literature were presented, and the 

definition used in this thesis was formed. Next, two different theoretical approaches 
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were presented: the cash flow based models and the asset based models. These 

models were utilized when the variables for analysis were selected. In the fourth 

section, selection of financial variables was discussed. In addition to the variables 

derived from theoretical models, some predictors of bankruptcy were also adopted 

based on earlier literature. Rest of section 4 introduced statistical methods used in 

the empirical part of this study, and in addition the method of accuracy testing was 

discussed.  

The sample data consists 2112 companies of which exactly half have filed 

bankruptcy. Financial statements from one and two years prior the bankruptcy are 

included in the data. Comparison group of healthy companies are formed with 

pairing method, where sales and assets size is compared. The financial statements 

included in the data from comparison group represents the same time period than 

for the paired bankrupt companies. It was found that there are differences between 

healthy and bankrupt companies in the financial position and profitability. The 

differences in the financial variables between two groups were also tested. The 

differences were found to be statistically significant which is required when statistical 

methods are used.  

In the empirical part, four different bankruptcy prediction models were formed, two 

for one year prior the bankruptcy, and two for two years prior the bankruptcy. All of 

these models were found to be statistically significant predictors of bankruptcy. This 

confirms that both the multivariate discriminant analysis and the logistic regression 

are suitable tools when predicting the bankruptcies of Finnish companies. The 

prediction accuracy of the models ranged from 81.7% to 88.9%, based on out-of-

sample. The number of variables included in the final models varied from five to 

nine. In this section, it was found out that prediction accuracy increased by 6.9 

percentage points on average when the prediction horizon was reduced from 2 

years to 1 year. Overall, the results from this section were in line with the previous 

studies.  

The rest of the empirical analysis chapter concentrated on analyzing and comparing 

the results and discussing further research topics. The main topics that arose were: 

the managerial point of view and the interaction between explanatory variables. The 

managerial point of view in this context mean that one could try to identify how 
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managers can affect the financial statement figures and utilize the measurement of 

these actions in bankruptcy prediction.  

As an answer to the research sub questions, it can be concluded that the financial 

variables that are most appropriate to predict bankruptcy represents profitability, 

solidity, and liquidity of a company. Based on the analysis of the financial statements 

between healthy and failing companies, there seem to be differences in the financial 

performance and position of the companies. Furthermore, both multivariate 

discriminant analysis and logistic regression were found to be appropriate tools for 

predicting bankruptcies of Finnish companies, and the prediction accuracy of these 

methods was almost equal. As an answer to the main question, based on the sub 

questions, it can be stated that it is possible to predict the bankruptcies of Finnish 

private companies, from financial statements to some extent, but naturally the 

results are not perfect. This is almost always the case when trying to predict real life 

events.  
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APPENDIX 1.  
 

Distributions of financial variables of healthy and bankrupt companies.  

 

Retained earnings to total assets Total liabilities to total assets 

 
Net sales growth 

 
Cash Flow from Operations to sales 

 
Logarithm of interest bearing liabilities 

 
Operating expenses to total assets 

 

  

-3 -2 -1 0 1 2

Normal Curves

0

10

20

30

P
er

ce
nt

BankruptHealthyBankruptHealthy

0 2 4 6

Normal Curves

0

5

10

15

20

25

P
er

ce
nt

BankruptHealthyBankruptHealthy

-1 0 1 2 3

Normal Curves

0

10

20

30

40

P
er

ce
nt

BankruptHealthyBankruptHealthy

-2 -1 0 1 2

Normal Curves

0

10

20

30

40

50

P
er

ce
nt

BankruptHealthyBankruptHealthy

-8 -6 -4 -2 0 2 4

Normal Curves

0

5

10

15

20

P
er

ce
nt

BankruptHealthyBankruptHealthy

-7.5 -5.0 -2.5 0.0 2.5

Normal Curves

0

5

10

15

P
er

ce
nt

BankruptHealthyBankruptHealthy



95 
 

Current assets to current liabilities Net income to total debt 

 
Net income to sales 

 
Working capital to total assets 

 
Debt to equity 
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