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1. Problem Background 

Bankruptcy affects a firm's entire existence, and it has a high cost to the bankrupt 

firm itself, it’s collaborators (such as creditors, suppliers, employees etc), the society 

and the economy (Cao, Liu, Zhai, & Hua, 2022; Warner, 1977). However, in most 

cases bankruptcy is not a sudden event (Korol, 2013; Shi & Li, 2019) and its 

consequences can be reduced or avoided when its early signs are detected by 

decision makers. Bankruptcy prediction models are those useful tools that help to 

predict whether a company will fall into financial distress (Mallinguh & Zéman, 2020; 

Veganzones & Severin, 2021), based on the firm’s current financial data, through 

mathematical, statistical, or intelligent models. Therefore, the design of reliable 

models to predict bankruptcy is crucial to audit business risks and assist managers 

to prevent the occurrence of failure as well as to assist stakeholders to assess and 

select firms to collaborate with. 

The first recorded attempts to investigate failed companies were done by studying 

their common characteristics based on the value of their financial ratios. First attempt 

was done by the American Bureau of Business Research in 1930. Next Fitzpatrick 

(1932) discussed accounting ratios as indicators of bankruptcy. However, the first 

milestone in the history of bankruptcy prediction models was by Beaver (1967), who 

first examined bankruptcy forecasting ability of discrete ratios and suggested that the 

predictive ability of several ratios maybe higher when they are examined 

simultaneously with other ratios. Altman (1968) followed this suggestion and 

developed the first multivariate study that became the most cited in the bankruptcy 

prediction literature (Shi & Li, 2019).  

Since then, a plethora of different statistical, theoretical, and artificial intelligence 

methods have been used for bankruptcy prediction and the topic has continuously 

gained more and more attention by scientists, practitioners, and public authorities (Li, 

Sun, & Wu, 2010). The attention on bankruptcy forecasting studies in the academic 

society increased basically because of two primary reasons. First is the extent to 

which it can negatively affect one community from economic and social perspective 

(Branch, 2002; Dimitras, Zanakis, & Zopounidis, 1996; Hafiz et al., 2015), as it can 

increase unemployment and create social disturbance (Lensberg, Eilifsen, & McKee, 

2006). The second reason is that proactive actions are always more welcome to an 

economy than post actions.  

Bankruptcy prediction models are proactive actions that can prevent or overturn a 

bankruptcy if its early signs are detected and addressed appropriately (Arieshanti, 

Purwananto, Ramadhani, UlinNuha, & UlinNuha, 2013; Mousavi, Ouenniche, & Xu, 

2015). However, there are more secondary reasons behind the continuously growing 

interest of scientific society to explore this topic. Some of them that are often referred 
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in the literature are the financial crisis, the impact of globalization, the development 

of Basel agreements, and the development of new information and soft computing 

technologies (Kim, Cho, & Ryu, 2020; Van Gestel, Baesens, & Martens, 2010). The 

above-mentioned reasons make the importance of studies on bankruptcy prediction 

models unquestionable (Barboza, Kimura, & Altman, 2017; Chen, Ribeiro, & Chen, 

2016; Elshandidy, Shrives, Bamber, & Abraham, 2018; Jayasekera, 2018; Severin & 

Veganzones, 2020; Tkáč & Verner, 2016; Wu, Gaunt, & Gray, 2010) as they can 

help practitioners and public policy makers to moderate the negative consequences 

(Horak, Vrbka, & Suler, 2020). 

Recent review studies confirm the growing importance, popularity, and 

contemporality of the bankruptcy prediction topic examined in this study. Specifically, 

Shi and Li (2019) found that the number of studies related to the topic increased 

dramatically after the financial crisis and noted that it gained significant popularity 

during the last years in the computer science discipline. This is in line with 

Veganzones and Severin (2021) who concluded that within the 21st century, rapidly 

developing artificial intelligence methods have overtaken the popularity of statistical 

methods in bankruptcy forecasting literature, thereby further escalating its 

contemporality. More of that, they summarized the crucial elements for designing 

bankruptcy prediction models and found out that very frequently those elements are 

ignored by researchers. Same are the findings of this dissertation author who 

therefore has addressed these crucial design elements in the development of this 

dissertation. Such elements are the definition of bankruptcy, sample origin, balanced 

data, data size, data from one sector, restricted type of information, prediction 

method selection, evaluation metrics as well as the examined forecasting period. 

Most of the studies regarding bankruptcy prediction are focusing on big, listed 

companies but very few are focusing on private micro, small, and medium 

companies (Alaka et al., 2018; Appiah, Chizema, & Arthur, 2015). That is happening 

mainly because the annual account information of small and medium-sized 

enterprises (SMEs) is not easily available and the data in some cases is unreliable 

due to the lack of an internal control system. This makes it difficult for researchers 

and financial entities to evaluate bankruptcy risk of SMEs (Altman, Iwanicz-

Drozdowska, Laitinen, & Suvas, 2020).  

However, SMEs are an important part of the global economy. They are the 

foundation of economic growth and have become important drivers of social 

progress (Doumpos & Zopounidis, 1999). Governments have implemented various 

policies to support the growth of private companies, including credit increases and 

reductions in taxes and fees. Nevertheless, access to financing remains a challenge 

for SMEs. They often face high costs when accessing financing due to information 

opacity and high bankruptcy risk (Beck & Demirguc-Kunt, 2006) and when they are 

compared with big companies, SMEs are more vulnerable to changes in the external 

environment (Acosta-González, Fernández-Rodríguez, & Hicham, 2019).  
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2 Research problem and objectives 

The negative consequences of a crisis were the main reason the author of this 

dissertation decided to examine this topic. Greece is known for being one of the 

countries most affected by the global financial crisis with severe and prolonged 

consequences for its economy, society, and governance. The author’s own 

observations and experiences as a Greek resident and as an external accountant for 

several Greek problematic businesses during that period was the inspiration to 

examine this topic and contribute to the “bricks” of knowledge about the topic of 

business bankruptcies during the period of global financial crisis. Another issue the 

authors considers of great interest that was observed in the literature was the limited 

number of companies that researchers used as a learning and testing sample. In the 

case of Greece there are only three studies which have more than 100 bankrupt 

companies in their sample and all these studies focus on large enterprises. As a 

result, it is observed that there are no studies in Greece to author knowledge which 

observed private micro, small, and medium companies and had a sample of 100 plus 

bankrupt companies.  

Based on the above the main purpose of this dissertation was to contribute to the 

academic knowledge by developing bankruptcy prediction models for micro, small, 

and medium Greek private companies in times of financial crisis. Beyond the main 

purpose, this study has four secondary objectives that deal with additional gaps 

found in literature as well as issues that are recently gaining more attention in 

bankruptcy prediction. The four objectives are the following: 

A. Review of international literature on existing bankruptcy prediction models and 

variables used 

B. Systemization of models, financial variables, and data used for bankruptcy 

prediction in Greece 

C. Compare the effectiveness of developed in this study abovementioned 

models  

D. Examination of different variable selection approaches on the effectiveness of 

bankruptcy prediction models 

Those objectives led to the following research questions.  

 RQ1: What are the different terms and definitions of business failure that are 

used in international literature when studying bankruptcy prediction models? In 

the international literature there are several terms such as failure, bankruptcy, 

distress, and others which are used interchangeably in bankruptcy prediction 

studies despite their different definition (Ross, Westerfield, & Jaffe, 1999). 

However, in such studies it is crucial to define the terms used to achieve an 
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unbiased classification of companies into groups (Shi & Li, 2019; Veganzones & 

Severin, 2021).  

 RQ2: What are the most popular models used in bankruptcy prediction modelling 

in international literature? This is another significant question that should be 

answered, as there are a great number of studies that use only one model or 

combination of models (Pelaez-Verdet & Loscertales-Sanchez, 2021). Some of 

the models are statistical ones, and other artificial intelligence models. It is 

important to know which type of model can be consider as the most appropriate 

for bankruptcy prediction.  

 RQ3: What are the most popular financial variables used in bankruptcy prediction 

modelling in international literature? Some studies use only financial variables 

and others combine a different type of them like market and economic variables 

(Veganzones & Severin, 2021). It is important to find out which variables are in 

use and which ones can be more useful for private micro, small, and medium 

companies in Greece. 

 RQ4: What are the most popular models used in bankruptcy prediction modelling 

in Greek literature? 

 RQ5: What are the most popular financial variables used in bankruptcy prediction 

modelling in Greek literature? 

 RQ6: What is the most effective model to be used for bankruptcy prediction of 

micro, small, and medium Greek private companies in times of financial crisis? 

 RQ7 What is the most effective approach to variable selection among the 

examined ones? 

Answers to these questions can reveal points of agreement and disagreement 

between national and international literature regarding the popularity of estimated 

models in bankruptcy prediction studies.  

Based on the research questions two hypotheses were developed for the needs of 

this study. The first research hypothesis (H1) was formulated based on the 

observation that Logit models are the ones that are most often estimated in the 

literature, and it was important to investigate if that type of modeling can be consider 

the most effective for Greek micro, small and medium private companies: 

H1: Logistic regression is the most effective model to be used for bankruptcy 

prediction of micro, small, and medium Greek private companies in times of 

financial crisis.  

Another significant observation was the fact that there are different ways in which 

variables that are included in bankruptcy prediction models are selected. There are 

two main approaches. One approach is a data driven or statistical approach where 

the final set of variables to be used for the model’s estimation comes from statistical 

analysis of data such as t-test or correlation. The second approach is experts’ 

approach where final set of variables are selected only based on expert opinion after 

analysing the available data. That led to the second and last hypothesis of the 

present study: 
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H2: Statistical (data driven) approach to variable selection leads to more 

effective models than experts’ approach when predicting bankruptcy for micro, 

small, and medium Greek private companies in times of financial crisis. 

A graphical representation of the purpose, objectives, research questions and 

hypotheses can be noticed in figure one.  

 

Fig. 2.2. Dissertation conceptual framework. Source: author’s elaboration 
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3. Structure 

Chapter 1 is the introduction to the dissertation. This chapter begins by defining the 

main purpose of the study. Then it is explained what the four secondary objectives of 

the study are and after that it is explained how those objectives led to seven 

research questions. Furthermore, in this chapter the author is describing briefly what 

are the main theoretical contributions and what are the practical implications of this 

study. 

Chapter 2 presents the theoretical foundations of the dissertation as it is dealing with 

studies regarding bankruptcy prediction and forecasting methodologies globally. In 

the beginning of this chapter there is a discussion about financial crisis and its 

impacts. Then different definitions of bankruptcy prediction such as business failure, 

financial distress, business insolvency and business bankruptcy are explained and 

compared.  Next it can be found a section that examines bankruptcy prediction 

models and related evaluation metrics. Afterwards there is an analysis of forecasting 

methodologies and information they are using.  

Chapter 3 is focusing on Greek1 studies. In the introduction of this section, it is 

explained why there is a need to focus on countries which are under serious financial 

problems. Then there is a focus on financial crisis in Greece.  Followed by a focus on 

Greek bankruptcy code and an in-depth review of bankruptcy prediction studies in 

Greece.  

Chapter 4 is explaining the methodology this study followed. In the beginning of this 

chapter, it was explained what the criteria for the sample selection were. Then data 

collection and methodological steps processes are explained. Finally, it is explained 

which prediction models are developed in this dissertation and what were the 

evaluation metrics.  

Chapter 5 is focusing on the results of the different methods the author used. 

Discriminant analysis, logistic regression analysis, decision tree, and neural network 

models are developed based on experts’ approaches for variable selection. After, the 

same four types of models are developed based on statistical variable selection 

approach. Finally, comparison of the effectiveness of those eight developed models 

is presented. 

The final chapter of this study is the conclusion. Chapter 6 provides a further 

discussion on the results presented in the previous chapter. It is intended to begin 

with the drafting of a discussion section where the outputs of the literature review 

providing answers to the research questions of this study were discussed. More of 

                                                 
1
 As Greek studies, Greek literature or national literature are referred studies that have Greece as their locale of 

study. 
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that in the next section the various terms and definitions used in literature are 

discussed to describe the definition of business failure when studying bankruptcy 

prediction models. In the following section, the main contribution and implications of 

this dissertation were explained, indicating the major theoretical and managerial 

contributions this study has to offer. Within the next section, the limitations of the 

study are exposed and how the author of this dissertation dealt with them. Lastly, in 

the last section different suggestions are presented in order to serve as a starting 

point for further studies to be conducted in the future. 
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4. Method 

The lack of studies on private and small enterprises is often underlined in literature 

and is explained by the difficulty to collect financial data about this type of companies 

(Alaka et al., 2016; Appiah et al., 2015). Consequently, attempts to reduce this gap 

makes this study a valuable addition to the literature and adds difficulty to its 

development at the same time. This, study gives special attention to findings and 

suggestions from the literature regarding the characteristics of the sample that are 

needed to ensure the reliability of estimated prediction models and make this study 

comparable to the leading studies in the field. Therefore, the data collection process 

took the most efforts and was the most time consuming part of this study.  

 

4.1. Sample criteria 

Data from bankrupt companies are essential for the development of bankruptcy 

prediction models. Therefore, the data collection process started by defining criteria 

for bankrupt companies to be included in the sample. In table 4.1 are presented and 

described the inclusion criteria that were followed in order to collect the sample of 

bankrupt companies. The same criteria (except bankruptcy status) were applied to 

collect non bankrupt companies that were paired with bankrupt ones based on 

economic activity, main product, total assets, and financial statements period. 

Table 4.1.  Sample criteria 

Inclusion criteria Comments 

Companies limited by shares and 
limited liability bankrupt companies 
whose bankruptcy is confirmed by the 
Greek court’s decision. 

According to the Greek Bankruptcy Code a Greek private company is 
considered bankrupt when its inability to pay its debts is confirmed by 
the court and the procedure of its bankruptcy is complete. The definition 
of bankruptcy is an issue discussed in the literature by several 
researchers because it affects how data is obtained and how valid the 
model is.  In general, most of the researchers prefer to use legal 
definition (Appiah et al., 2015).  In this way, the data of bankruptcy is 
specified and can serve as an objective parameter within a study. More 
of that, the problem of bankruptcy prediction becomes dichotomous, 
and it can be solved by an unbiased classification of companies in two 
groups to legally bankrupt and to non-bankrupt companies (Charitou, 
Neophytou, & Charalambous, 2004). 

Bankrupt companies with no missing 
financial statements for three 
continuous years before their 
bankruptcy. The examined three 
years should be from 2007 to 2016. 

This is needed to ensure that those estimated in these study models will 
correspond to the conditions of the global financial crisis in 2007 that 
had bad consequences for Greek and other economies.  Li, Adeli, Sun, 
and Han (2011) showed that the economic environment of the sample’s 
origin affects the relationship between the probability of business 
bankruptcy and financial ratios. In this regard, they conclude that 
bankruptcy prediction in a normal economic environment needs to be 
examined separately from bankruptcy prediction within a financial crisis 
environment. More of that, in Kirkos (2012) review paper on intelligent 
bankruptcy prediction suggests that the forefront of lack of studies 
based on datasets are within the period of the Financial Crisis and 
countries affected by it. 

No Financial and state-owned 
companies. 

Characteristics of these types of companies are different and are under 
different law regulations than the rest of types of companies included in 
this study. For example, it is expected that financial companies will have 
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higher leverage compared to non-financial companies where it is a sign 
of failure 

No companies that are listed in the 
Athens Stock Exchange market.   

In a review study of Appiah et al. (2015), 95.63% of examined studies 
are based on listed companies. Consequently, authors point to the need 
for models estimated on non-listed companies. 

No companies with a balance sheet 
total higher than 43 million euros or 
turnover more that 50 million euros. 

A higher amount of balance sheet total is an indicator of a big company 
according to the European Union recommendation 2003/36. According 
to the review paper of Alaka et al. (2018), the majority of bankruptcy 
prediction models are built on listed and big companies. Consequently, 
there is a lack of models appropriate for SMEs and micro enterprises 
that make a big proportion of many economies.  
 

No Companies that operate less than 
five years or were merged less than 
five years before the examined 
period. 

In the first years of a company’s operations, its financial structure is not 
very different from that of bankrupt companies, and it is suggested to 
examine their bankruptcy prediction separately (du Jardin, 2010). 

No companies that use International 
Financial Reporting Standards, and 
those with missing data in their 
balance sheet. 
 

In Greece, the use of International Financial Reporting Standards is 
obligatory for listed companies. However, non-listed Limited Liability 
companies may choose between the Greek or International Financial 
Reporting Standards. Other legal types of companies apply Greek 
Accounting Standards (IFRS, 2020).  

Source: author’s elaboration 

4.2. Data collection process 

There are two issues related to bankruptcy forecasting modelling that should be 

considered. The first issue is the fact that regulations and rules concerning 

bankruptcy vary from one country to another (IFRS, 2020). The second issue stems 

from the difficulty to obtain the data to build forecasting models for bankruptcy. 

Those two were the first steps that had to be solved. Therefore, the newly enacted 

law regarding bankruptcy in Greece was used to indicate which companies are 

considered bankrupt and why. The second step was a long procedure as the 

application to the court of the first instance was needed, and the list that contains 

bankrupt companies was received after approximately three months. This is because 

in Greece information about bankrupt companies is subject to confidentiality and 

special procedure and several visits to the court in Thessaloniki were necessary to 

receive the list with names of Greek companies that bankrupted between 2010-2018. 

Unfortunately, the same was not possible to be achieved in the case of visiting the 

court in Athens. The initial assessment of companies in the list revealed that only 

50% of them were eligible for further assessment. Therefore, it was necessary to use 

other sources to reach the desired number of 100 bankrupt companies. 

Every Greek business with the legal form of company limited by shares (AE) and 

limited liability company (EPE) regardless of its size is obliged to publish its financial 

statements. Before 2012, these companies were obliged to publish their financial 

statements exclusively in Government Gazette (ΦΕΚ), but after they were given the 

choice to publish their financial statements on their website. However, from 2015 AE 

and EPE are obliged to publish their financial statements online, exclusively on the 

website of General Commercial Register (ΓΕΜΗ). Because the period of 

examination in this study falls both before and after 2012 in many cases, all the 

above mentioned sources had to be checked. The court’s decision for bankruptcy for 

these types of companies is also published in the above-mentioned sources. 

Therefore, searches in Government Gazette and General Commercial Register 
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websites were used to extend the number of bankrupt companies in the sample. 

Non-bankrupt companies were collected one by one through the site of the General 

Commercial Register. As mentioned earlier, for the inclusion of a non-bankrupt 

company to the final sample, the same criteria as for bankrupt companies’ collection 

was applied with the only exception of the bankruptcy status. However, more 

restrictions were needed in order to match each non-bankrupt company to one of the 

bankrupt companies within the sample. These restrictions checked for the 

compliance of a non-bankrupt company’s characteristics with the characteristics of 

the bankrupt company as per the economic activity, main product, year of financial 

statements, and total assets that should not exceed the difference of 25% between 

matched companies. For those that met all the criterion, financial statements were 

downloaded through Government Gazette (ΦΕΚ), General Commercial Register 

(ΓΕΜΗ) or company’s website. In table 4.2 are presented the methodological steps 

followed in this dissertation. 

Table 4.2. Methodological steps 

Step 1 Define the sample, variables, and techniques needed for the models’ development 

Step 2 Apply to the court of first instance and receive a list with names of bankrupt companies 

Step 3 Identify the ones that meet the inclusion and pairing criteria 

Step 4 Collect more bankrupt companies to meet the desired size of the sample 

Step 5 Download balance sheets for 3 years for each bankrupt company in sample 

Step 6 Identify non-bankrupt companies with the same characteristics as the bankrupt ones 

Step 7 Download balance sheets for 3 years for each non bankrupt company in the sample 

Step 8 Assess each balance sheet and income statement to collect the needed information 

Step 9 Calculate each of the 50 variables included in the initial set of variables 

Step 9 Select subsets of variables to be used for models’ development based on 2 approaches 

Step 10 Use the discriminant analysis, logistic regression analysis, decision tree, and neural network 
techniques to estimate the models, first with the subset of variables selected based on experts’ 
approach and then with the subset of variables selected based on statistical approach. 

Step 11 Experts’ Approach Statistical Approach 

Step 12 Preliminary step (SWARA Analysis) Preliminary step (Correlation Test) 

Step 13 Finalize ratios to use Finalize ratios to use 

Step 14 Estimate the models Estimate the models 

Step 15 Extract equation or variables’ normalized 
importance for each model 

Extract equation or variables’ normalized 
importance for each model 

Step 16 Validate the models Validate the models 

Step 17 Compare models results Compare models results 

Step 18 Compare the two approaches to variable selection 

Source: author’s elaboration 

4.3. Sample description  

One of the common problems in bankruptcy prediction studies as per Doumpos 

Doumpos, Kosmidou, Baourakis, and Zopounidis (2002) and Veganzones and 

Séverin (2018) is that non-bankrupt companies usually outnumber the bankrupt 

companies, and this may affect the misclassification cost for a minority group of 

companies. Also, a literature review on studies with Greek data shows that only 

three studies have reached 100 bankrupt companies in their samples and none of 

them study private micro, small, and medium companies.  

This study overcomes these problems by employing a balanced sample that includes 

100 bankrupt and 100 non-bankrupt private Greek micro, small, and medium 

companies from nine different sectors. Classification of sectors is based on the 4th 
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revision of the International Standard Industrial Classification of All Economic 

Activities (ISIC). To determine the size of examined companies, the recommendation 

of the European Union 2003/361 was followed as can be seen in table 4.3. Based on 

this recommendation at least two out of three criteria need to be met to consider a 

company as micro, small or medium. 

Table 4.3. European Union Recommendation 2003/261 

Enterprise Category Annual work unit (AWU) Annual turnover Balance sheet total 

Medium  <250 ≤EUR 50 million ≤EUR 43 million 

Small  <50 ≤EUR 10 million ≤EUR 10 million 

Micro <10 ≤EUR 2 million ≤EUR 2 million 

Source: Official Journal of the European Union 

Based on the above criterion, each company was classified for the three groups to 

micro, small, and medium. Micro and small companies consist of the bigger part of 

the sample. For the total amount of companies (200) 46.5% were classified as a 

micro-enterprise, 36.5% were classified as a small enterprise, and 17% were 

classified as a medium-sized enterprise. Author considers that each category is 

sufficient for further analysis.  

Companies were investigated during the last three years of their operations before 
bankruptcy. The non-bankrupt companies were paired with the bankrupt companies, 
and then they were examined for the same three years before bankruptcy. 
The year in which a company went bankrupt is called the base year t, where (t −1), (t 

−2), and (t −3) stands for year 1, year 2, and year 3 before the occurrence of the 

bankruptcy. The year (t-1), one year before the bankruptcy occurred, was used as 

the base year for the model’s development. Most of the enterprises were bankrupted 

in the years 2010, 2011, and 2012. More of that, the sample in this study is split to 

40% for the training set in order to estimate the models and to 60% for the testing set 

that will be used to validate the models, (García, Marqués, & Sánchez, 2015). 

Finally, companies of two groups in the sample are matched by economic activity, 

main product, year of financial statements, and size of total assets. Researchers 

state that by matching companies it is possible to control variables that can affect the 

prediction ability of a model but are not included in the final set of prediction 

variables (Appiah et al., 2015; Dimitras, Slowinski, Susmaga, & Zopounidis, 1999). 

4.4. Variable selection approaches 

Variable selection is the procedure of obtaining the most representative subset of 

variables from a broad set of variables for the problem that is going to be modelled 

(Marqués, García, & Sánchez, 2013). This helps to reduce the computational 

intensity of the model and makes it more effective. Moreover, a small number of 

variables makes a model and its decisions more comprehensible (Marqués, García, 

& Sánchez, 2017).  

4.4.1. Initial set of variables 

There is a plethora of variables that can be used for the development of a 

bankruptcy prediction model (du Jardin, 2010).  In this study a large pool of 141 

variables was identified and assessed for the initial set of variables.  Subsequently, 
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50 variables were finally selected as they were found to be popular and/or had a high 

classification performance in different Greek studies. These variables are financial 

ratios, and they are considered suitable to be used in developing models for this 

study based on the data that has been collected. Based on the balance sheets and 

income statements of companies in the sample, the 50 ratios in Table 4.4 were 

calculated for year one, year two, and year three before the occurrence of the 

bankruptcy,  

Table 4.4. The ensemble of ratios used in the analysis 

Category Sign Formulas Category Sign Formulas 

P
ro

fi
ta

b
ili

ty
 R

a
ti
o
s
 

R22 EBIT / Sales 

L
iq

u
id

it
y
 R

a
ti
o

s
 

R26 Current Liability / Total Liability 

R5 Gross earnings / Total Assets R17 Current Liability / Total Equity 

R13 EBIT / Total Asset  R36 
(Accounts Receivable + Cash & 
Cash Equivalent) / Current 
Assets  

R30 
Gross Profit Margin (Revenue-COGS) / 
Revenue  

R3 
Quick Assets / Current 
Liabilities 

R21 Net Earnings / Sales  R37 
Cash&Cash Equivalent / 
Current Liabilities 

R4 Net Earnings / Total Assets  R1 
Current Assets / Current 
Liabilities  

R6 Net Earnings / Total Equity R14 Current Assets / Total Assets  

R29 Reserves / Total Assets  R10 Current Liabilities / Total Assets  

R31 Retained Earnings / Total Assets  R16 Inventory / Working Capital  

R24 Net Earnings/ Total Liabilities R38 
Net Earnings / Current 
Liabilities  

  
R7 Working Capital / Total Assets  

  
R19 Working Capital / Total Equity 

    

O
th

e
r 

F
in

a
n

c
ia

l 
ra

ti
o

s
 

R8  Fixed Assets / Total Assets 

L
e

v
e

ra
g

e
 R

a
ti
o
s
 

R9  Total Liabilities / Total Equity  

R15  Total Equity / Fixed Assets R2  Total Liabilities / Total Assets 

R45  Reserves / Total Equity  R12  Total Equity / Total Liabilities 

R46 
 Natural Logarithm of Trade creditors / 
(COGS - depreciation) x 360 days  

R39  Total Equity / Capital Employed 

R23 
 Total Equity + Noncurrent Liabilities/ 
Fixed Assets 

R27 
 Non-Current Liabilities / Total 
Equity 

R25  Sales / Current Liabilities  R20  Total Equity / Total Assets 

R47 
 [Net Earnings – (Reserves and 
Directors’ reimbursement) + 
Depreciation] / Total Liabilities 

R40  EBITDA / Total Liabilities 

R48  Dividends / Total Equity R41 
 Non-Current Liabilities / Total 
Liabilities 

R49  Quick Assets / Total Assets R18  Gross Earnings / Interest Paid 

R50  Growth rate of sales R28 
 Non-Current Liabilities / Total 
Assets 

  
R42  Notes payable/ Total Assets  

  
R43 

 Interest paid / (Total 
Expenditure – Depreciation) 

  
R44 

 Noncurrent Liabilities / 
Noncurrent Liabilities + Total 
Equity 

A
c
ti
v
it
y
 

a
n

d
 

E
ff

ic
ie

n

c
y
 

ra
ti
o
s
 

R11 Sales / Total Assets  

 

 
  

R32 Net Earnings / Working Capital  
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Category Sign Formulas Category Sign Formulas 

R33 Sales / Total Equity  

R34 Interest Paid / Sales  

R35 Net Earnings / Gross Earnings  

Source: author’s elaboration 

4.4.2. Experts’ approach for variable selection 

After calculations of financial ratios, and to meet the objectives of this study, an 

expert judgment approach was needed to investigate the most important ratios to 

perform bankruptcy prediction model. Consequently, a Stepwise Weight Assessment 

Ratio Analysis (SWARA) was performed to specify the subset of ratios to be used for 

model development in this study.  

Four (4) steps were necessary to apply SWARA.  First, the confirmed set of 

variables were chosen to be included in the expected judgment method. For this 

reason, a list with calculated ratios was used. Second, this list of 50 financial ratios 

was organized in a form appropriate for assessment (link)2. In the third step, 10 

experts confirmed their contribution to this study. Fourth and final, the list of the 

financial ratios was submitted to experts so that they could evaluate the importance 

of each of them. After completing these aforementioned steps, the SWARA 

technique was used because of its reliability and usefulness in evaluating expert 

opinions on rate values (Hashemkhani Zolfani, Yazdani, & Zavadskas, 2018). The 

SWARA technique is subjective criteria-weighing that is widely used across different 

sectors (Ghenai, Albawab, & Bettayeb, 2020). Thus, the steps of the SWARA 

technique are methodically applied.  

In the first step, one needs to compute the values of tjk where the mean attribute 

value of ¯tj is obtained by employing the following equation: 

𝑡𝑗 =
∑  𝑟

𝑘=1 𝑡𝑗𝑘

𝑟
         (4.1) 

where: 

 r denotes the number of respondents and tjk the ranking of the j attribute by 

the k respondent. 

 In the second step, one needs to identify and compute the weights of the 

attributes qj, which can be obtained by dividing the average value of each attribute 

by the sum of the priority values of the attributes (tj): 

𝑞𝑗 =
𝑡𝑗

∑  𝑛
𝑗=1 𝑡𝑗

         (4.2) 

                                                 

2
https://forms.gle/WzAvb2FF2vYsUead8 

https://docs.google.com/forms/d/e/1FAIpQLSfInEk1_pKavWjMWwSALKz9WyVEyEfFhQDMc_Ksgd4ruZAJ8w/viewform
https://forms.gle/WzAvb2FF2vYsUead8
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the variation of the obtained values can be calculated by employing the following 

formula: 

𝛽𝑗 =
𝜎

𝑡𝑗
           (4.3) 

 The third step is to calculate the weighted values. The reliability of the data 

can be determined by the coefficient of concordance found in the answers provided 

by experts. For the repeated rankings of the same variables, as exemplified in this 

study, the coefficient of concordance can be found with the following formula:   

𝑊 =
12𝑆

𝑟2(𝑛3−𝑛)−∑  𝑟
𝑘=1 𝑡𝑘 

        (4.4) 

 where S denotes the sum of the squared deviations of the rankings of each 

attribute; Tk equals the index of the repeated ranks in the r rank; n equal to the 

number of evaluation attributes and r equals the number of respondents. In the final 

step, the values of χ2 are calculated using the formula noted below: 

𝑋𝑎,𝑣
2 = 𝑊. 𝑟. (𝑛 − 1) =  

12𝑆

𝑟.𝑛 (𝑛+1)−
1

𝑛−1
=∑  𝑟

𝑘=1 𝑡𝑘

     (4.5) 

 For the designated significance level (e.g., α = 0.05), the hypothesis 

concerning the concordance agreements of the experts cannot be rejected when the 

calculated value χ2 is greater than the critical tabular value χ2. Furthermore, one can 

conclude that when group judgment or opinion is established that the experts share 

the same views regarding the subject matter when χ2 α, v > χ2. Consequently, the 

significance of the concordance coefficient is on α level. Based on the second 

criterion, the respondent evaluates the relative significance of criterion j using the 

previous criterion (j −1) for each particular criterion. Thereby, the coefficient kj can be 

calculated as the following:  

𝑘𝑗 = {1, 𝑗 = 1 𝑠𝑗 + 1, 𝑗 > 1        (4.6) 

 

𝑞𝑗 = {1, 𝑗 = 1 
𝑘𝑗−1

𝑘𝑗  

, 𝑗 > 1        (4.7) 

 To calculate the relative weights of the evaluation criteria in the final step, it is 

necessary to use the following equation: 

𝑤𝑗 =
𝑞𝑗

∑  𝑛
𝑗=1 𝑞𝑗

         (4.8) 

where:  

 wj denotes the relative weight of criterion j. 

4.4.3. Statistical approach for variable selection 

 Another approach for variable selection examined in this study is the 

statistical approach and is based on the same set of 50 ratios identified in Greek 

models and presented in table 4.5. This approach needed preliminary steps such as 

a correlation test analysis to identify which ratios out of 50 previously calculated are 
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significant and should be used for the model’s development. Then a model could be 

developed based on the variable that was extracted from the correlation analysis. 

Based on the correlation test results, independent variables that are highly correlated 

with the dependent variables (bankrupt and non-bankrupt companies in this study) 

and are of low correlation with each other are chosen for model’s development. 

 

Table 4.5. Different variable selection approaches for models’ development 

Variable 
selection 
Approach 

Initial 
Variables 

Preliminaries Discrimina
nt analysis 

Logit 
analysis 

Decision Trees Neutral  
Networks 

Statistical 
Approach 

50 
Variables 
were 
extracted 
from Greek 
Studies and 
literature 
review. 
 

A correlation 
test was 
developed for 
a set of 50 
variables. 
Based on its 
results subset 
of 10 variables 
were obtained. 

Learning 
(40-40) 
Testing 
(60-60) 
with 10 
Variables 
to develop 
the 
function. 

Learning 
(40-40) 
Testing 
(60-60) 
with 10 
Variables 
to 
develop 
the 
function. 

Learning (40-40) 
Testing (60-60) 
with 10 
Variables to 
develop a 
decision tree. 
The importance 
of Variables was 
identified. 
 

Learning (40-
40) 
Testing (60-60) 
with 10 
Variables to 
train the model. 
The importance 
of Variables was 
identified. 

Experts’ 
Approach 

50 
Variables 
were 
extracted 
from Greek 
Studies and 
literature 
review. 
 

SWARA 
Analysis for 50 
ratios 
was used and 
10 variables 
considered the 
most important 
based on 
Experts’ 
Judgment 

Learning 
(40-40) 
Testing 
(60-60) 
with 10 
Variables 
to develop 
the 
function 

Learning 
(40-40) 
Testing 
(60-60) 
with 10 
Variables 
to 
develop 
the 
function 

Learning (40-40) 
Testing (60-60) 
with 10 
Variables to 
develop a 
decision tree. 
The importance 
of Variables was 
identified. 
 

Learning (40-
40) 
Testing (60-60) 
with 10 
Variables to 
train the model. 
The importance 
of Variables was 
identified. 

Source: author’s elaboration  

 A correlation test helps to deal with multicollinearity issues. In this case, if two 

variables are correlated, it is required that one of them is excluded from the analysis. 

Therefore, to measure the linear correlation between all pairs of variables (ratios), 

there is a need to estimate the sample Pearson Correlation coefficient as the 

following: 

𝑟𝑥𝑦 =
∑  𝑛

𝑖=1 (𝑥𝑖−𝑥)(𝑦𝑖−𝑦)

√∑  𝑛
𝑖=1 (𝑥𝑖−𝑥)2√∑  𝑛

𝑖=1 (𝑦𝑖−𝑦)2
      (4.9) 

 where 𝑥𝑖 and 𝑦𝑖 denote the specific sample points of each variable; 𝑥 𝑎𝑛𝑑 𝑦 

represent the sample means of each variable, and 𝑛 is the sample size. The values 

of the correlation coefficient can vary between +1 and −1 (with +1 supports the 

existence of a total and positive linear correlation; the 0 value indicates that there is 

no linear correlation, and −1 supports the existence of a total and negative linear 

correlation). The strength and direction of a correlation are two different properties. 

One needs to test the null hypothesis of no association, that is the correlation 

coefficient of the population equals zero, in order to conclude whether the estimated 

correlations are statistically significant or not. Thus, the value of the test statistic of 

such test can be estimated using the following formula:  
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𝑡 = 𝑟√
𝑛−2

1−𝑟𝑥𝑦
2          (4.10) 

 with 𝑛 − 2 degrees of freedom associated with a t-distribution. The null 

hypothesis can be rejected if the p-value of the test is less than the designated 

significance level. 

As shown in table 4.2 this study was concluded by comparing the models built based 

on each of the four techniques to assess how accurate they are at predicting 

bankruptcy, followed by comparing the approaches to variable selection to 

understand which approach can lead to a more accurate bankruptcy prediction 

model. 

4.5. Techniques used for models’ development in this study 

 Literature review on international studies showed that Discriminant Analysis 

and Logit model are the most popular statistical techniques. However, lately they are 

rarely used as standalone models for bankruptcy prediction. Instead, the interest of 

researchers has turned to artificial intelligence models. This is partially in line with 

bankruptcy prediction studies on Greek companies as most of them use discriminant 

or logistic regression analysis as their main technique for models’ estimation. 

Though, popular techniques like neural networks and decision trees have been 

examined only once or not at all respectively. Therefore, the author decided to adopt 

these four techniques within the scope of this study: 

 Discriminant analysis. In the field of statistics, the discriminant analysis (DA) is 

widely used to predict a given measured (dependent) variable or group 

membership from predictor variables or independent variables. The DA helps 

to determine a linear combination of two or more classes of objects when the 

predictor variables are continuous and well distributed, and the measured 

variable is categorical.  

 Logistic regression analysis. In cases when the normality assumption is not 

confirmed, oftentimes logistic regression is used. Furthermore, the logistic 

regression also describes a categorical variable when it uses the values of the 

continuous independent variables.  

 Decision trees. Decision trees (DT) are among the widely used forecasting 

modelling approaches in machine learning. From a statistical perspective, DT 

helps to classify and develop a regression analysis using simple or advanced 

decision rules.  

 Artificial neural networks. Artificial neural networks (ANNs) are often used for 

data modelling and statistical analysis as an alternative method to cluster 

analysis techniques or standard nonlinear regression. The use of artificial 

neural networks can help build accurate bankruptcy forecasting models and 

are also as accurate as the discriminant analysis. Compared to several other 

forecasting methods, the neural network approach offers several advantages 

because it does not require restraining assumptions such as normality, 
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linearity, and independence between variables, which thus offers a high 

degree of accuracy. 

4.6. Evaluation metrics of developed prediction models 

The two most often used evaluation metrics are the overall accuracy rate and types 

of errors. However, these metrics are not appropriate for imbalanced datasets that 

characterize most studies (He & Garcia, 2009). Lately though, to overcome this 

limitation, researchers started to use the area under the curve method (AUC) 

(Severin & Veganzones, 2020). The importance of balanced data is addressed in 

this study.  Consequently, the overall accuracy and types of errors can be applied in 

this study as evaluation metrics without hesitation. The third metric of evaluation for 

models estimated in this study is the change of overall accuracy in the increased 

prediction time horizon. This can be applied in the current study because the 

performance of estimated models is validated not only on data one year prior to 

bankruptcy but also two and three years prior to bankruptcy.  

On this basis, the accuracy of the proposed models was tested, and the Type I error 

was calculated using the following formula: 

𝐸1 =
𝐷1

𝐵𝑅
∗ 100%,         (4.11) 

 Where D1 denotes the number of bankrupt companies classified by the 

forecasting model as healthy, whereas BR denotes the number of bankrupt 

companies in the testing group. Therefore, the Type II error is formulated as follows: 

𝐸2 =
𝐷2

𝑁𝐵𝑅
∗ 100%,         (4.12) 

 Where D2 is the number of healthy companies which are classified as 

bankrupt companies in the forecasting model, whereas NBR denotes the number of 

non-bankrupt companies or healthy companies in the testing group. Finally, the 

annual overall accuracy of a forecasting model can be estimated using the following 

formula:  

𝑆 = (1 −
𝐷1+𝐷2

𝐵𝑅+𝑁𝐵𝑅
) ∗ 100%.        (4.13) 

Then the average overall classification accuracy can be estimated by: 

𝑆𝑚𝑒𝑎𝑛 =
𝑆𝑡−1+ 𝑆𝑡−2+ 𝑆𝑡−3 

3
        (4.14) 

Change of overall accuracy in increased prediction time horizon is measured as: 

C = St-1 – St-3         (4.15) 
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5. Selected Results 

The first research question (RQ1) is trying to discover what are the different terms 

and definitions of business failure that are used in international literature when 

studying bankruptcy prediction models. As Wang, Ma, and Yang (2014) signifies, 

there is a problem on terminologies definition, and that is the reason the first 

research question was developed. From the very first studies on business 

bankruptcies until now there is not an established theoretical definition of business 

failure despite the few efforts these of Wilcox (1971), Whitaker (1999) and Scapens, 

Ryan, and Fletcher (1981). This means that for all these years the definition of 

bankruptcy has been chosen arbitrary by each researcher when studying bankruptcy 

based on Balcaen and Ooghe (2006) overview. Researchers like Keasey and 

Watson (1991) have expressed that this criterion in its nature is arbitrary. However, 

there is an agreement that the way in which bankruptcy is defined affects the 

classification of examined companies and the effectiveness of bankruptcy prediction 

models (Appiah et al., 2015). This led most of researchers to the use of juridical 

definition for business bankruptcy (Dimitras et al., 1996). However, this definition 

raises a concern, because financial distress is arbitrary in nature (Keasey, Pindado, 

& Rodrigues, 2014), so the criterion to discriminate between firms and assign them 

to a category for a given period is subjective and depends entirely on the author’s 

concept of financial distress.  

Empirical research on bankruptcy prediction definition requires cautious evaluation 

because the subjective nature of financial failure may produce biased results. In their 

review study, Appiah et al. (2015) found that 84% of all the studies examined by 

them used the juridical definition to define their bankrupt companies. This is in line 

with the findings of the current dissertation, which examined 23 Greek studies and 

concluded that 82.6% of them used the juridical definition. Therefore, this can be 

considered as the most accepted definition of bankruptcy, and it was adopted in this 

dissertation to develop bankruptcy prediction models. The use of a legal bankruptcy 

is the most objective way to date the event of bankruptcy as well as to classify the 

companies in bankrupt and non-bankrupt groups (Charitou et al., 2004). In several 

countries, bankruptcy is considered as confidential information and for that reason it 

is difficult to obtain the necessary amount of data. This forces researchers to use 

different definitions when studying bankruptcy as it is noticed in the case of 

Hillegeist, Keating, Cram, and Lundstedt (2004), study or to a more general definition 

as it can be seen at Beaver (1967) and du Jardin and Séverin (2012). Also, there are 

several terms that are used in literature when referring to bankruptcy in the field of 

bankruptcy prediction modelling. The terms used most often based on international 

and national Greek literature review can be summarized from the most to the least 
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used: bankruptcy, failure, financial distress, early warning, insolvency, and default 

(Appiah et al., 2015; Balcaen & Ooghe, 2006; Dimitras et al., 1996; Shi & Li, 2019). 

The second research question (RQ2) was developed to examine what the most 

popular models are used in bankruptcy prediction modelling in international3 

literature. The number of methods that are used to forecast one company as 

bankrupt or not bankrupt have enormously increased through years. Financial crisis 

together with a fast development in computer science further increased the diversity 

of methods that are used to estimate bankruptcy prediction models. According to 

Dixon (2016), after the latest financial crisis researchers are motivated more than 

ever to explore new ways of bankruptcy prediction which resulted in tremendous 

increase of published papers on this topic. Moreover, in their efforts to address new 

economic conditions researchers have shifted their interest towards the results of 

prediction, data characteristics and features selection methods (Alaka et al., 2018; 

Cybinski, 2001).  

Several researchers like Aziz and Dar (2006), Bellovary, Giacomino, and Akers 

(2007), and Appiah et al. (2015) reviewed articles published from the late 1960s 

when first studies on bankruptcy prediction were published until 2003, 2004 and 

2005, respectively. They all found that statistical models are the leading category of 

developed models in literature followed by artificial intelligence models (Shi & Li, 

2019), and the less famous theoretical models. Also, Balcaen and Ooghe (2006) 

reviewed studies within the same period and observed an increasing tendency to 

explore artificial intelligence models in the field of bankruptcy prediction. This 

observation is verified later by reviews on recently published studies (Veganzones & 

Séverin, 2018). More of that, the need to discover the effectiveness of artificial 

intelligence techniques in bankruptcy prediction led to classification of models to one 

new category this of ensemble methods or hybrid as called by several researchers 

(Zhang et al., 2021)  

Furthermore, statistical methods are not used in standalone mode anymore but 

rather they are used as a benchmark for comparison with new methods. The main 

reason for this is that in contrast to artificial intelligence models they are sensitive to 

required assumptions on data that is difficult to be met in one dataset (Alaka et al., 

2016). Likewise, artificial intelligence models are able to deal with big volumes of 

data (Duarte & Barboza, 2020) and it is proved to have higher accuracy over 

statistical models. However, they are more complex to develop, and they are not 

suitable when a more in-depth explanation is needed since they are not providing the 

relation of examined variables and often are called black boxes (Son et al., 2019). 

Despite the growing popularity of artificial intelligence models, logistic regression 

analysis (Logit) models are still the ones that are found to be estimated in the biggest 

proportion of published papers from late 1960s to today, followed by discriminant 

                                                 
3
 The term international studies or international literature refers to studies that have another country as their study 

locale than Greece. 
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analysis (DA) models (Veganzones & Séverin, 2021). More of that, the pioneering 

study of Altman (1968) and his multiple discriminant analysis model is far away the 

most cited study so far (Shi & Li, 2019).  However, Logit models are preferred over 

discriminant analysis (DA) models because they are less demanding when it comes 

to assumptions on data characteristics and its efficacy is very similar to this of 

discriminant analysis models (Kumar & Ravi, 2007). Among artificial intelligence 

models the most estimated once are Neural network models followed by support 

vector machines, decision trees, and genetic algorithm models (Shi & Li, 2019; Cao 

et al., 2022). 

In the two previous research questions it was important to understand the 

international literature review but since this study is focusing on a specific country it 

is important to investigate the national literature review for the said country. For that 

reason, the fourth research question (RQ4) investigated the Greek literature and 

examined what the most popular models used in bankruptcy prediction modelling in 

Greek literature. 

Findings from the Greek literature review derived that they are partially in line with 

findings from the review of international studies. There is an obvious increase in the 

published number of studies after the financial crisis hit the globe, and logit model 

was developed in the biggest proportion of studies (13 out of 23). However, in 

contrast to the international literature, it is followed by statistical models such as 

discriminant and probit analysis models with 10 and 7 studies out of 23 studies, 

respectively. What is really an interesting result is that artificial intelligence models 

have been used in only 5 out of 23 studies. More of that, what is even more 

interesting is that those 5 studies were published before the financial crisis. 

Therefore, it can be concluded that when it comes to bankruptcy prediction for Greek 

companies’ researchers insist on the use of traditional methods neglecting the global 

trend towards the use of artificial intelligence techniques. This indicates, of course 

that there is a high need for more advance models such as neural network that was 

one of the models this dissertation examined.  

After investigating what is business failure in the first research question and 

detecting the differences and similarities of international and national literature (RQ2 

AND RQ4) regarding the popularity of existing models, the sixth research question 

(RQ6) was established. “What is the most effective model to be used for bankruptcy 

prediction of micro, small, and medium Greek private companies in times of financial 

crisis?” The fact that logistic regression analysis is used successfully in most of the 

Greek studies led this author to the development of the first research hypothesis 

(H1). 

H1: Logistic regression is the most effective model to be used for bankruptcy 

prediction of micro, small, and medium Greek private companies in times of 

financial crisis.  

In the present study, logistic regression and discriminant analysis models are 

developed together with neural network model that previously have been applied in 
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only one out of 23 examined Greek studies and decision tree model that is missed 

from these studies. These four models are estimated in this dissertation to check 

which of them is more appropriate when examining bankruptcy prediction in times of 

financial crisis.  

Variables used for model construction is another important parameter for a 

successful prediction. Bankruptcy prediction models are structured based on reliable 

and available data which are transformed in useful variables that in most cases are 

financial ratios. Based on that, an in-depth analysis of international and national 

literature was important to reveal which variables can be consider most important for 

model developing in micro, small, and medium Greek enterprises. Elicited from that, 

another two research questions were developed. These questions were expected to 

discover (RQ3), the most popular financial variables used in bankruptcy prediction 

modelling in international literature, and (RQ5), the most popular financial variables 

used in bankruptcy prediction modelling in Greek literature. 

Recently, beside the classification methods, researchers are paying increased 

attention to the information that is used to classify the examined companies (Alaka et 

al., 2018).  Several researchers concluded that the efficacy of different popular 

models does not differ significantly and suggest instead the development of 

sophisticated models to focus on the ways to improve the quality of information that 

are used for bankruptcy prediction (Shi & Li, 2019). 

Through time the influence of different types of information on bankruptcy prediction 

models have been explored. The majority of the information is financial but there is 

also a small number of studies that used non-financial information to design a 

bankruptcy prediction model (Blanco-Oliver, Irimia-Dieguez, Oliver-Alfonso, & 

Wilson, 2015; Verwijmeren & Derwall, 2010). In the most pioneering studies, 

researchers used mainly accounting ratios (Beaver, 1967; Deakin, 1972). Later, 

researchers started to include macroeconomic variables in their models which has 

shown the level of influence they have on model’s effectiveness differs from study to 

study. Some variables are good predictors while other do not affect model’s efficacy 

at all (Bunn & Redwood, 2003; Liou & Malcolm Smith, 2007; Mensah, 1984). Another 

type of variables that received notable attention in bankruptcy prediction modelling 

through time is market information (Merton, 1974). The results of studies that 

compared the effectiveness of accounting-based and market-based models are 

controversial (Agarwal & Taffler, 2007; Black & Scholes, 1973; Hillegeist et al., 

2004). Other studies proved that market variables are better predictors when they 

are combined with other types of information and suggest using them as 

supplementary variables (Charalambakis, 2015; Severin & Veganzones, 2020). 

However, so far, most of the developed bankruptcy prediction models are accounting 

based models (Balcaen (Balcaen & Ooghe, 2006; Tinoco & Wilson, 2013). This may 

be explained by the data availability and by the fact that the most famous pioneering 

models were based on accounting ratios (Alaka et al., 2016; Altman, 1968; Beaver, 

1967). 
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According to the results of this dissertation, the Greek literature review agrees with 

the conclusions in the international literature discussed above. In particular, most 

reviewed studies that examine bankruptcy among Greek companies use accounting-

based models. Also, table 5.1 summarizes the most common financial ratios from 

213 international studies reviewed by Dimitras et al. 1996, Kirkos 2012, Alaka et al. 

2016 and Korol 2020. Interestingly, 80% of these ratios were popular or/and had 

high classification performance in the 23 Greek studies examined by the author 

(table 4.4), and hence were used in the development of her models. Moreover, the 

top 10 most popular ratios are identical in both cases (examined international and 

national studies). 

5.1. The most used financial ratios for bankruptcy prediction models’ development 

Study Dimitras et 
al. (1996) 

Korol 
(2020a) 

Alaka et al. 
(2016) 

Kirkos 
(2012) 

Total Ratio 
Reference 

Total Studies Examined 47 54 70 42 

Period 1932-1994 1979-2012 2010-2015 2009-2011 

Net earnings/TA* 11 35 14 14 74 

Total liabilities/TA 15 23 18 10 66 

Sales/TA 7 27 13 14 61 

Working capital/TA 16 25 14 5 60 

*EBIT/TA 12 18 13 15 58 

Current assets/CL* 12 21 7 5 45 

Net earnings/TEq* 6 7 15 7 35 

EBIT/Sales 5 7 9 13 34 

TEq/TA   11 8 13 32 

TEq/Total liabilities   14 7 5 26 

Cash Flow/Total liabilities 9   7 6 22 

Quick assets/CL 9 11     20 

Net earnings/Sales   8 7 5 20 

Current assets/TA     13 6 19 

Returned earnings/TA 7   7 5 19 

CASH/TA 5   6 7 18 

Total liabilities/TEq     8 9 17 

*EBITDA/TA     5 10 15 

Cash/CL     7 8 15 

*C&CEq/CL       11 11 

Cash flow/Sales 8       8 

cash +*MSec/Total assets     2 6 8 

Sales/Current assets     6 4 10 

Current assets/Sales     4 5 9 

* TA – total assets, CL – current liabilities, TEq – total equity, C&CEq - cash and cash equivalents, MSec – 
market securities, EBIT – earnings before interest and taxes, EBITDA – earnings before interest, taxes, 
depreciation, and amortization. 

Source: Author’s elaboration based on Korol (2020a), Alaka et al. (2016), Kirkos (2012), and Dimitras et al. 

(1996), work 
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As mentioned before, lately researchers started to pay more attention to different 

variable selection methods, as it was found that they improve the results (Wei-Yang, 

Ya-Han, and Chih-Fong 2012). Reviewing international and Greek literature, the 

author identified two main approaches to variable selection.  One approach is a data 

driven or statistical approach where the variables are developed based on available 

data statistical analysis. It means that in case of statistical approach the view of 

experts on the degree of variables importance is not considered. The second 

approach is an experts’ approach where variables are selected based on experts’ 

opinion after analysing the data. 

Based on the above research question (RQ7) was developed with the purpose to 

establish the most effective approach to variable selection among the examined 

ones. Variable selection is the procedure of obtaining the most representative subset 

of variables, from a broad set of variables, for a problem that is going to be modelled 

(Marqués et al., 2017). This helps to reduce the computational intensity of the model 

and makes it more effective. Several studies that explored the performance of 

models with and without variable selection conclude that performance of a model is 

improved when variable selection is applied (Lin et al., 2012). 

This topic is gaining attention as indicated by Kirkos (2012) and Pal, Kupka, Aneja, 

and Militky (2016). Different ways of variable selection for bankruptcy prediction have 

been explored (Tsai, 2009). Among them are the ones that use univariate statistical 

tests to check for correlation among variables or the difference between their 

means (Marqués et al., 2017). There is also a computerized search procedure to 

mine a broad set of specified variables for the most effective subset(s), based on 

likewise pre-specified estimation criteria (du Jardin, 2010). In international literature 

on bankruptcy prediction modelling, the stepwise method is reported as the method 

used most often in statistical models (Alaka et al., 2018) et al., 2018). Tsai concluded 

that from statistical variables selection methods t test and stepwise regression are 

best for variable selection compared to correlation matrix, factor analysis and 

principal component analysis (Tsai, 2009). 

In most Greek studies variables are selected by researcher evaluation mainly based 

on previous studies. In studies by Dimitras (1995), Doumpos and Zopounidis (1999), 

Zopounidis and Doumpos (1999), and Dimitras et al. (1999) researchers combined 

expert credit analyst suggestions with statistical test to select variables to be 

included in developed models. Research question seven and the interesting 

observations of the international and national literature review resulted on second 

hypothesis (H2).  

In this dissertation two approaches for variable selection are examined. The experts’ 

approach and the data driven or statistical approach. With experts’ approach, 

variables are selected based on answers of experts. As chapter 4 delineate, experts 

were asked to select 10 variables from a pool of 50 variables (table 4.4) that were 

consider the most appropriate for bankruptcy prediction based on their experience. 

In the next step, these answers were analysed with SWARA analysis to conclude 
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which are the final 10 variables that can be used to develop the first four models of 

this dissertation. 

For statistical approach, Pearson correlation analysis test was applied to evaluate 

the correlation between dependent and independent variables as well as the 

correlation among independent variables. Independent variables that are highly 

correlated with dependent variables and low correlation among themselves were 

selected for the development of another four models. Table 5.2 presents the 

variables selected based on those two approaches. 

Table 5.2. Selected financial ratios based on experts’ approach and statistical approach 
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Current Assets/ Current Liabilities Current Assets/ Current Liabilities 

Total Liabilities / Total Assets Total Liabilities / Total Assets 

Quick Assets / Current Liabilities Quick Assets / Current Liabilities 

Net Earnings / Total Assets Net Earnings / Total Assets 

Gross Earnings / Total Assets Fixed Assets / Total Assets 

Working Capital / Total Assets Current Liabilities / Total Assets 

Gross Earnings / Interest Paid Total Equity / Total Liabilities 

EBIT / Sales Sales / Current Liabilities 

(Accounts Receivable + Cash & 

Cash Equivalent) / Current Assets  
Non-Current Liabilities / Total Assets 

EBITDA / Total Liabilities Reserves / Total Assets 

Source: author’s elaboration 

Based on these two different sets of ratios and four previously mentioned techniques 

in total 8 models were estimated and validated by the author of this dissertation with 

the help of SPSS software. Table 5.3 shows the average4 of 3 years before 

bankruptcy overall accuracy for each of these 8 models based on validation sample. 

Table 5.3. Average for 3 years overall accuracy of estimated models 

Average Overall Accuracy 

Technique used Experts’ approach Statistical approach 

Discriminant analysis 69.07% 71.57% 

Logistic regression 69.5% 72.43% 

Decision tree 65.93% 67.93% 

Neural network 73.83% 83.9% 

                                                 
4
 The detailed calculations and results for each of 8 models can be found in chapter 5 of PhD dissertation. 
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Source: author’s elaboration 

As the results manifest, models based on statistical approach (data driven) for 

variable selection demonstrated higher prediction accuracy than models that were 

based on experts’ approach for variable selection. Based on that, the second 

hypothesis H2: “Statistical (data driven) approach to variable selection leads to more 

effective models than experts’ approach when predicting bankruptcy for micro, small, 

and medium Greek private companies in times of financial crisis” was accepted.  

Next are presented only5 the 4 models that were estimated based on statistical 

approach to variable selection because they demonstrated higher classification 

accuracy than the 4 models developed based o experts’ approach. 

• Discriminant analysis= .372 + 3.271 Noncurrent Liabilities/Total Assets - 

0.57 Total Equity/Total Liabilities - 1.333 Fixed Assets/Total Assets - 1.033 

Net Earnings/Total  

• Logistic regression analysis= 1.425 + 3.407 Noncurrent Liabilities/Total 

Assets - .887 Total Equity/Total Liability - 1.270 Fixed Assets/Total Assets - 

.679 Net Earnings/Total Assets 

• Decision tree model does not exert an equation instead its structure is 

displayed in fig. 5.1. 

                                                 
5
 The detailed calculations and results of the other 4 models that are based on experts' approaches to variable 

selection can be found in chapter 5 of the PhD dissertation. 
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Fig. 5.1. Decision tree structure for learning sample, statistical approach, 1 year before bankruptcy. Source: 

author’s elaboration (IBM SPSS Statistics 25 software) 

Table 5.4 displays the importance and normalized importance for independent 

variables. Independent variable importance indicates the degree to which the model 

managed to forecast the change in dependent variable based on different levels of 

the independent variable. When dividing the importance value to the highest 

importance value we get the normalized importance that is expressed as a 

percentage. Consequently, in this case ratios of total liability to total assets, total 

equity to total liability, non-current liabilities to total assets and net earnings to total 

assets have the highest (more than 50%) impact on the way the model classifies 

companies. 

Table 5.4. Independent variable importance for decision tree model 

Independent Variables Importance Normalized 
Importance 

Total liabilities / Total assets .127 100.0% 

Total equity/ Total liabilities .105 82.6% 

Noncurrent liabilities/ Total .096 76.1% 
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assets 

Net earnings/ Total assets .069 54.7% 

Current assets/ Current 
liabilities 

.062 49.1% 

Sales/ Current assets .058 45.5% 

Fixed assets/ Total assets .055 43.3% 

Quick assets/ Current liabilities .049 39.0% 

Current liabilities/ Total assets .040 31.3% 

Reserves/ Total assets .022 17.2% 

Source: author’s elaboration (IBM SPSS Statistics 25 software) 

• Neural Network model does not exert an equation instead its structure is 

displayed in fig. 5.2 and its ratios importance and normalized importance for 

independent variables are displayed in table 5.5. 

Table 5.5. Independent variable importance for NN model, statistical approach 

 Importance Normalized 
Importance 

Current assets/ Current 
liabilities 

.128 53.9% 

Total liabilities / Total assets .237 100.0% 

Quick assets/ Current 
liabilities 

.103 43.3% 

Net earnings/ Total assets .150 63.3% 

Current liabilities/ Total 
assets 

.031 13.2% 

Fixed assets/ Total assets .054 23.0% 

Total equity/ Total liabilities .049 20.5% 

Noncurrent liabilities/ Total 
assets 

.019 7.8% 

Sales/ Current assets .178 75.0% 

Reserves/ Total assets .051 21.5% 

Source: author’s elaboration (IBM SPSS Statistics 25 software) 
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Fig 5.2. Architecture of neural network model, statistical approach, 1 year before bankruptcy. Source: author’s 
elaboration (IBM SPSS Statistics 25 software) 

In tables 5.6 to 5.9 are presented the results of estimated in this dissertation 

bankruptcy prediction models based on statistical approach to variable selection. 

The results are presented for forecasting time horizon of three years before 

bankruptcy and are based on validation sample.  

 

Source: author’s elaboration (IBM SPSS Statistics 25 software) 

Model Period E1 E2 S D Model Period E1 E2 S D

1 year 23.30% 28.30% 74.20% 1 year 23.40% 25% 75.80%

2 years 28% 29% 71.50% 2 years 28% 29% 71.50%

3 years 29% 33% 69% 3 years 29% 31% 70%

Model Period E1 E2 S D Model Period E1 E2 S D

1 year 16.70% 51.70% 65.80% 1 year 10% 16.70% 86.70%

2 years 11% 48% 70.50% 2 years 14% 18% 84%

3 years 13% 52% 67.50% 3 years 18% 20% 81%

Average overall accuracy 67.93%
where: E1: Type I error, E2: Type II error, S: overall classification accuracy, D: shift in classification accuracy when 

prediction time horizon is increased.											

Table 5.6.  Discriminant Analysis Results Table 5.7. Logistic Regression Results

Table 5.8. Decision Tree Results Table 5.9. Neural Network Results

Decision tree

where: E1: Type I error, E2: Type II error, S: overall classification accuracy, D: shift in classification accuracy when 

prediction time horizon is increased.											

1.7 p.p. Neural 

network

-5.7 p.p.

Average overall accuracy 83.90%

Discriminant 

analysis

- 5.2 p.p. Logistic 

regression 

analysis

-5.8 p.p.

Average overall accuracy 71.57% Average overall accuracy 72.43%
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Among the developed models for this study artificial intelligence Neural Network 

models demonstrated the highest average overall classification accuracy and lowest 

Type I error. Therefore, the first (H1) is rejected. Although NN models have slightly 

lower accuracy stability when the prediction time horizon is expanded, comparing to 

statistical models, they still have the highest prediction accuracy one, two, and three 

years before bankruptcy. This is in line with Shi and Li (2019), Min and Lee (2005) 

and Aziz and Dar (2006) who underline that in many studies artificial intelligence 

models demonstrated higher classification accuracy than statistical models. Many 

studies found neural network models to have higher classification accuracy than logit 

analysis, discriminant analysis and decision tree models (Jabeur & Fahmi, 2017; 

Pelaez-Verdet & Loscertales-Sanchez, 2021; Shi & Li, 2019).  

Decision tree models proved to be the least efficient when it came to predicting 

bankruptcies during the financial crisis period. Because, as shown in the results of 

this study, it has difficulty to recognize which companies will survive so its Type II 

error is very high, making it the least effective model when compared to other 

models. However, if considering only Type I error, which is very low for decision tree 

models, it could be characterized as the most effective model among statistical ones 

and very close to neural network model. Also, logit models have slightly higher 

accuracy than discriminant analysis, which agrees with several other studies that find 

logit models slightly more accurate (Balcaen & Ooghe, 2006). 

Interestingly, all eight models developed in this dissertation have low Type I error in 

comparison to Type II error, especially in the case of decision tree models where this 

difference is big. A closer examination of types error level may lead to interesting 

assumptions. As it was stated in the literature, the cost of Type I error is higher than 

that of Type II error in bankruptcy prediction. This is explained by the fact that is 

more costly to mis predict a bankrupt company as non-bankrupt and lose your 

investment than to mis predict a non-bankrupt company as a bankrupt and fail to 

gain new profits. Based on that, it can be stated that the models developed in this 

study are more effective than they look at first glance.  

More of that, the difficulty of the models to predict which company will not bankrupt 

(Type II error) indicates that at the examined period of financial crisis, which is the 

same for bankrupt and non-bankrupt companies, there are companies in sample that 

did not end up bankrupt but during this period had similar financial characteristics 

with bankrupt companies. This is happening because recessions have 

consequences on companies, that are reflected in their financial statements and in 

turn can affect the efficacy of bankruptcy prediction models. These findings are in 

line with findings of Pompe and Bilderbeek (2005) who found that models’ efficacy is 

negatively affected by recession or economic downturns (du Jardin, 2019). Also, Li 

and Sun (2012), conclude that financial crisis affects the relationship between 

probability of business bankruptcy and financial ratios.  
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Based on the overall accuracy of the estimated models, best predictors for this case 

are ratios that measures leverage, profitability, and liquidity. This is in line with 

findings of the pioneering study by Altman (1968) and Kosmidis (2015). Specifically, 

ratios of total liabilities to total assets, which is of the most importance for the most 

effective NN model, followed by sales to current liabilities, net earnings to total 

assets, current assets to current liabilities and quick assets to current liabilities. One 

can easily spot the intensive presence of liquidity measuring ratios. This intensive 

presence of liquidity ratios is the characteristic that distinguish NN models from the 

rest of the models developed in this study. However, there is one interesting 

exception, which is of the DT model based on variables selected with statistical 

approach. This model also considers liquidity ratios of increased importance and, 

interestingly, happens to have similar classification accuracy with the most effective 

NN model when it comes to bankrupt companies. Specifically, the 3-years average 

of Type I error for NN is 14% and 13.57% for DT, respectively. This observation may 

lead to the conclusion that during the examined period of financial crisis, and for the 

type of examined companies, is crucial to not underestimate the role of liquidity when 

examining financial health of a company. The same findings are similar with 

Richardson, Kane, and Lobingier’s (1998) study, who also found that liquidity 

information is crucial when examining bankruptcies in times of recession. More of 

that, these findings of the liquidity importance are in line with the situation that 

characterized the Greek economy during the examined period with strong austerity 

measures and capital controls (Cantú, 2019; Kosmidou, Kousenidis, Ladas, & 

Negkakis, 2020). Therefore, it further supports the opinion of Kirkos (2012) who 

believes that an empirically designed data driven models “although cannot be 

directly generalized to theory, they reveal aspects of reality. In this respect, model 

development can also be seen as an analysis process”. 
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6. Major conclusions and discussion 

The main purpose of this dissertation is the development of bankruptcy prediction 

models for micro, small, and medium Greek private companies in times of financial 

crisis. The main reason to examine this topic was the need to investigate Greek 

business failures, as Greece is known to be one of the most affected countries by 

the financial crisis and which has had significant financial problems for more than a 

decade. One more reason is that few studies have examined micro, small, and 

medium private companies. In the case of Greece, based on this dissertation 

analysis, only the study by Kosmidis and Stavropoulos (2014) examines business 

failure for SMEs. However, they do not examine any artificial intelligence model and 

their sample is much smaller than the sample of this dissertation.  

As it is obvious, a crisis is no longer as rare as before and no company is secure. 

Previous cases showed that even the best companies can fail. Failure is something 

natural, and as Ormerod (2007) says that most things fail. As van Rooij (2015) 

delineates, there are mainly three causes of failure in business (fallibility, error, and 

flaw) and claims that there are three types of failing firms (Icari, Fools & Rogues). 

Wang et al. (2014) disagree, as they believe that there is no mature or definite theory 

of corporate failure. New circumstances increase uncertainty and inability of firms to 

exist. This uncertainty is creating a totally new environment where companies 

compete in a dynamic environment with uncertainty risk and incomplete information. 

The main reason a dissertation is developed is the need for new knowledge creation 

within a particular field of study. This PhD dissertation was first developed with a 

scope to “make a contribution to knowledge.” This dissertation from a theoretical 

point of view is trying to fill some of the literature gaps that are frequently highlighted 

by researchers. One of these gaps is the small proportion of studies employing data 

from emerging economies, like with the Greek case examined in this dissertation 

(Duarte & Barboza, 2020). Similarly, academics emphasize that studies using data 

chronologically and geographically relevant to Global Financial Crisis are in need 

(Sun, Li, Huang, & He, 2014).  However, the most important contribution of this study 

is the fact that it utilizes data from rarely examined types of businesses which are 

private (non-listed in stock exchange markets) micro, small and medium companies 

(Appiah et al., 2015).  

6.1 Theoretical implications 

This study contributes to the corporate finance field in several ways with the most 

important to be the fact that is investigating the bankruptcy of micro, small, and 

medium companies that are rarely examined due to the difficulty of collecting their 

data. It is believed that this study can serve as one of few studies regarding private 
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micro, small, and medium companies examined under the conditions of financial 

crisis.  

From the first bankruptcy prediction models of Beaver’s univariate model (1967) and 

Altman’s multivariate model, a huge variety of models emerged. The progress in 

technology played an important role in this development and now researchers 

underline the need towards artificial intelligence models. Especially as Veganzones 

and Séverin (2018) mentioned, after 2007 ensemble and artificial intelligence models 

constitute the biggest proportion of studies. Until 2007, statistical models were the 

leading category but lately they are mainly used as a benchmark for comparison. 

Contradicting are the findings of this study that reviewed the development of 

bankruptcy prediction models in Greece. There are still very few studies that 

incorporate artificial intelligence models when it comes to bankruptcy prediction 

among Greek companies. Therefore, another contribution of this dissertation is that 

the most popular artificial intelligence method in international literature, namely 

neural networks, was applied in this dissertation and it produced impressive results. 

It is important for future Greek academia to develop more studies using artificial 

intelligence methods such as neural networks or fuzzy logic to theoretically enhance 

this type of modelling. More of that, to author’s knowledge, it examines for the first 

time a decision tree model for bankruptcy predictions among Greek companies. 

None of the 23 examined studies in this dissertation used decision tree model to 

predict bankruptcies in Greece. 

Furthermore, is observed that after 2007 there is an even stronger increase in 

studies on bankruptcy prediction which researchers claim is happening because of 

the financial crisis that hit the globe. However, in his review study Kirkos (2012) 

found that there is small proportion of studies within the period of this crisis as well 

as from the countries affected by it. It is important for academia to have as many 

studies as possible for a specific phenomenon, as this allows deeper and more 

reliable results. From this perspective this study contributes to the academic 

knowledge by examining micro, small, and medium companies that are operating in 

a country highly affected by the financial crisis and the data is from the period of this 

crisis. In the same vein, according to Duarte and Barboza (2020), there are 

countries, and Greece is one of them, that are lacking this kind of studies and they 

suggest that studies on these countries will enrich the literature with different results 

and multiples views. 

Finally, to achieve the main purpose of this dissertation the conclusions derived from 

the literature review were addressed in its empirical part adding to this study extra 

value from a theoretical perspective point of view. Specifically in recent years 

researchers are more concerned about the problems related to data sample 

selection, data characteristics, the utilized information, and their selection methods 

(Severin & Veganzones, 2020). Literature suggests paying specific attention to the 

following: the definition of examined bankrupt companies, companies matching by 

size, sector, year, balanced data, evaluation metrics, and accuracy stability over an 
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increased time horizon. All these issues were carefully addressed in this 

dissertation.  

6.2 Managerial implications 

This dissertation suggests that the most effective method for bankruptcy prediction in 

Greece is the artificial intelligence one, entitled neural network. One of the 

managerial implications from the results and discussion is the need for the 

policymakers and financial managers to apply artificial intelligence methods such as 

neural networks to gain better and more reliable results which can help to react 

faster in a possible crisis occurrence.  

Another managerial implication that comes out from the results related to 

government support systems during a crisis is the fact that the most important 

variables for an effective bankruptcy prediction model in this study was related to 

leverage and liquidity ratios. This means that when a financial crisis is occurring in a 

country its governmental entities must support micro, small and medium companies 

with available funds focusing on leverage and liquidity performance.  

As the results indicate, two approaches were followed in this study. Data driven 

approach yielded better results than experts’ approach. This result implies that 

governments, companies, or institutions should first analyse the data they possess 

and then they should ask possible experts to scrutinize them. In several cases 

experts from a foreign country might analyse the condition in a company which might 

lead to bizarre results since each country and each company usually faces different 

circumstances.  

6.3 Limitations 

This study, like any other study, has limitations. Since the study was aiming to find a 

model that can be used in the future based on historical data from previous years it 

has the typical forecasting limitations. Based on that, any prediction for the future 

cannot be 100% accurate. To deal with this issue, the author developed four different 

models for two different approaches and selected the prediction that was more 

satisfactory from accuracy and time horizon view. Another typical forecasting 

limitation is the reliability of past data. Although past events and historical data are 

analysed as a guide to the future, a question is raised as to the accuracy as well as 

the usefulness of these recorded events. To cope with this matter, the author 

assured that the source of the data was reliable. Based on that she selected data 

only from reliable government sources and excluded any non-governmental. More of 

that, every balance sheet used was officially submitted on the Greek governmental 

portal and it was signed by a certified auditor. Additionally, some balance sheets and 

companies were excluded, as their balance sheet had missing figures from one year 

to another. Also, the data set was quite sufficient and reliable for analysis as the 

author managed to find 100 pairs of bankrupt and non-bankrupt companies although 

in some other Greek studies the sample is much smaller.  
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Studies that focus only in one country usually have a case study limitation that 

indicates that they are providing little basis for generalization of results to the wider 

population. Even though this is true in many cases, it is not usually acceptable for 

bankruptcy prediction modelling as most of the studies focus on a country since it is 

extremely difficult and rare to find similar circumstances between two countries. 

Following that, the author can say that the results can be generalized whenever 

similar circumstances occurs in another country or in Greece as this study can be 

the foundation for future studies. More of that, the author hopes that she can 

examine in future work more countries where she will include samples from a greater 

geographic area or be expanded to a multi-country analysis.  

Besides that, the author would like to mention that usually bankruptcy studies are 

either using a data driven approach or an expert approach. Both approaches have 

their limitations. In the case of data driven approaches it is important to know which 

part of the data will be used for training the model. For example, there might be an 

issue if you select the first 30 companies from a set of 100 companies, as it can 

positively or negatively affect the results. To deal with this issue the author randomly 

selected the companies for the first three methods while for the Neural Networks the 

model was selected randomly automatically. For the expert driven approach, an 

issue is the selection of the experts. In this case, the author very carefully selected 

who would answer the SWARA questionnaire and used 10 experts which is a 

satisfactory sample for this type of approach. Moreover, the author decided to apply 

both approaches so have better quality for her results.  

Any model development has its limitation as the literature clearly indicates. For that 

reason, more than one model was developed. It is expected that in the future other 

modelling methods can be used and be compared with the four used in this study 

such as fuzzy logic which seems to be a reliable method for bankruptcy prediction.   

Another limitation for this study is the fact that only accounting variables were used. 

Based on Altman, Iwanicz-Drozdowska, Laitinen, and Suvas (2017) study that 

claimed, “Most firms operating in business are privately held; hence, only accounting 

data and no market data (e.g., stock prices) are available.” This is also the case in 

this study that examines only private companies. Furthermore, no macroeconomic 

variables were used. However, all data are from the same country from the same 

period of financial crisis and more of that companies are paired by sector, main 

product, size, and year of financial statement to overcome this limitation by 

controlling the macroeconomic factors that are influencing companies examined in 

this study. 

Finally, the fact that the data set includes companies from different sectors could be 

considered as a limitation. Because it was proven in the past that using companies 

from different sectors it is not beneficial for the model's efficacy. As Severin and 

Veganzones (2020) proved, “data set should belong to a concrete type of industry or 

sector of activity, so that the model design can reflect specific financial 

characteristics. Then another data set can feature firms across sectors, to test the 
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model’s capacity to create good prediction rules.” The author overcomes this 

limitation by paring carefully the bankrupt and non-bankrupt companies not only by 

sector but also by main product and size.  

6.4. Suggestions  

One of the main suggestions for the future is to make complex artificial intelligence 

models more comprehensible with transparent results (Marqués et al., 2013). 

Although, traditional models can be used as a reference, there is a need for more 

powerful and smart tools, because traditional models cannot be reliable as in most 

cases, they are data sensitive and have many required assumptions. Therefore, 

there should be steps forward to make modelling more comprehensible and 

transparent. There are already attempts towards this direction like in a study by Son, 

Hyun, Phan, and Hwang (2019) where they say that by combining feature 

importance and weights on the logistic regression model, and by analysing partial 

dependence plot, it can be paved a way to efficiently analyse the results of 

complicated models. Similarly in this dissertation, variables’ normalised importance 

was used to analyse the results, comprehend the models and compare their 

effectiveness.  

As Veganzones and Séverin (2018) mention, financial information is limited in its 

ability to encapsulate all the factors that may affect failure likelihood. Other variables 

can complement this information. Nonetheless, further research is needed to 

understand firms’ failure processes. An in-depth analysis of non-accounting 

information could provide insights into how to address failure dynamics more 

accurately. Another suggestion is big data analysis. The new developed 

technologies make it possible to assess big data, so more variables and factors are 

now possible to be examined on how they affect bankruptcy. Future studies need to 

find ways to study the effect of this new info or find ways to include them in existing 

bankruptcy prediction models (accounting, market, macroeconomic, managerial, and 

social factors, among others). 
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