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Abstract:  

Research background: Globalisation and the development of technology introduce new 

requirements for effective business management. Every business must constantly adapt to the 

environment, analyse and know its competitors and its customers’ requirements, and meet 

other stakeholders’ commitments. An unsuccessful business will go into liquidation. The 

intention of any business should be not only to avoid this situation, but to thrive and prosper 

and create value for its shareholders. 

Purpose of the paper: The aim of this study is to propose an appropriate tool for cluster 

analysis and determine the ability of a business to survive a potential financial distress. 

Methods: Details from financial statements of construction companies operating in the period 

2015-2019 in the Czech Republic are analysed. Attention is mainly directed to items that 

represent the capital and asset structures of a company, liquid assets, and the ability to 

generate sales and profit. Artificial neural networks in the form of Kohonen networks are used 

for the purpose of cluster analysis. Financial analysis is used to examine the underlying 

dataset as well as for a detailed analysis of selected clusters, i.e. the contribution margin and 

ratio indicators. 

Findings & Value added: The basic analysis clearly shows that companies in liquidation 

attempt to reduce the value of inventories and engage additional foreign capital with a view to 

survival, while there is a certain solidarity between companies’ key persons. Cluster analysis 

using Kohonen networks is quite successful. The present methodology and approach can still 

be applied to the design of an enterprise decision support tool. Further research may study 

whether the representation of businesses in the different clusters will change over time, or 

whether the development of the construction industry can indeed be predicted based on an 

analysis of the leaders. 

Keywords: business performance, corporate finance, cluster analysis, artificial neural 

networks, financial analysis 

JEL Classification: C38, G17, L25 
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1. Introduction 

Through economic modelling, vulnerable sectors are identified and a key message 

communicated: in no case can the risk of serious impact be fully eliminated; however, in most 

cases, it can be significantly reduced. While infrastructure may be vulnerable to natural 

disasters and risks that are difficult to predict, it is all about technical solutions and the 

capacity for and speed of response to economic events. Prevention should be based on 

improved analysis and models that can indicate a potential crisis in advance. Faulty financial 

engineering, a stubborn persistence with a set financial policy, a focus on short-term profit, 

betting on poor technology, and a rush to consolidate are extremely dangerous from a 

financial viewpoint. Due to intertwining markets and their extreme dynamics, any crash is 

followed by an amplified reaction that is global in nature for larger companies, and can 

definitively 'sink' a troubled company (Carrol and Mui, 2008). It was these scholars who 

pointed out, just before the financial crisis itself, that it had been enough for managers and 

owners or investors of such businesses to look more into the past and use methods that could 

detect future problems. 

Economic forecasting of business development is extremely important not only for the 

management and owners, but also for countries, as represented by governments. Furthermore, 

as Sovacool et al. (2017) point out, even if extensive lessons were learned in the past, further 

similar cases will be extremely difficult to avoid. Among other things, this is because of the 

phenomenon of the future technology boom which, in the cases of, for example, 

electromobility or e-business, is accompanied by an unexpectedly high enthusiasm of 

investors willing to ignore signals about the financial health of some businesses for quite a 

long time. From the viewpoint of management, investors, regulators, and even countries, the 

most effective financial forecasting is essential. The risk of failure can never be fully 

eliminated; however, the question of the likelihood of surviving any financial distress is the 

key to all of the above. Economic research, which must be based on current scientific sources 

as well as practice, is then used to address this issue. There is a range of methods, models, and 

their combinations available. Financial decisions are often based on classification models that 

are used to assign a set of observations to predefined groups. Diverse data classification 

models have been developed to predict an organisation's financial crisis, while issues such as 

the selection of appropriate variables (features) that are relevant to the problems at hand have 

been intensively addressed by current research (Uthayakumar et al., 2021). 

 In the past few decades, academic research focused on bankruptcy prediction using 

traditional statistical techniques (e.g. discriminant analysis and logistic regression), followed 

in recent years by early artificial intelligence models (especially artificial neural networks). 

Then, in the first decade of the 21st century, the models further evolved to the use of 

advanced neural network models and machine learning. Due to this development, the models’ 

performance can be increased by up to 10% compared to previous models (Barboza et al., 

2017), while their performance continues to grow due to continuous technological advances 

and the use of specialised techniques and software. According to Lehtinen (2007), the 

intensifying development trends, and faster and deeper transformations are quite typical of the 

current market environment; thus, businesses must constantly adapt to them. This situation 
has resulted in our being ever closer to an advanced economy and the associated hyper-

competition. Since competition is on a constant rise, businesses are required to focus on their 

performance and, above all, their future development. Andekina and Rakhmetova (2013) 

believe that analysing the development of economic conditions, examining the impact of 

factors on the process of economic phenomena, overall assessment, and the prediction of 

potential risks or future development of a firm are the essential activities that can affect the 
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operation of a business in the current business environment, especially its further 

development. 

The aim of this study is to propose an appropriate tool for cluster analysis and determine 

the ability of a business to survive potential financial distress. 

To achieve the purpose and objective of the study, and considering the nature of the 

methods used, three research questions are formulated: 

RQ1: Is cluster analysis an appropriate tool for identifying companies that face 

bankruptcy?  

RQ2: Can businesses be categorised by common characteristics into groups of successful 

and unsuccessful businesses? 

RQ3: Can cluster analysis be used to identify key indicators that feature failing businesses? 

2. Literature review 

Generally, the main prerequisite for the long-term existence of a business and its success, 

according to Nenadál et al. (2011), is primarily the fact that they can constantly transform and 

adapt to the prevailing market needs. The current market, according to Kenny (2012), is 

characterised by the elimination of business barriers and technological growth. It provides 

businesses with many opportunities for development; however, it simultaneously presents 

many new threats and risks. Thus, it is absolutely crucial for all stakeholders in the current 

market environment to know the performance of their company and to be able to predict its 

future situation and value, thus not only providing managers with the necessary information 

for decision making, but also planning the future use of resources and other actions directly 

related to the management of the company (Le et al., 2020). 

One of the most significant current trends related to business evaluation and performance 

is that sustainability trends are intertwined. Although it may seem that non-financial and 

financial reporting are only indirectly linked, recent actions by multinational groups, 

countries, or financial institutions challenge this view. Sustainability is now the fundamental 

condition for the survival of businesses in many industries, while others are affected by, for 

example, significantly rising costs of capital or increasing levels of regulation. This is also 

exemplified by the current research that has been increasingly focused on sustainability over 

the last decade. The efforts to compile non-financial reporting, often presented in the form of 

environmental, social, and corporate governance (ESG), and traditional corporate 

performance indicators have led to numerous studies and analyses. The studies are mainly 

focused on the principle of mutual conditionality, where business as such is already directly 

linked to sustainability in many industries; additionally, they attempt to explain the impact of 

compliance, or the corporate risks of rejection, where, for example, according to Nirin et al. 

(2021), there is an increased risk of financial problems and the associated termination of 

business, or at least failure to meet the set goals. Thus, businesses currently have no choice 

but to strive to facilitate the emerging socio-technological paradigm and face the challenge of 

how to gain competitive advantages from this process, or adapt their goals and activities most 

effectively (Gupta et al., 2020). 

While the trend towards sustainability has been the subject of interest in intense economic 

research for approximately two decades, the COVID-19 pandemic came as a considerable 
shock - a 'black swan' (Verma and Gustafsson, 2020). According to these authors, in less than 

a year, almost a tenth of economic analyses and studies have been dedicated to the impact of 

the pandemic. As their meta-analysis of 207 cited outputs from Scopus and Web of Science 

shows, the authors have thus far focused on four main research topics of 18 sub-topics, with 
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the impact of such a global threat on business performance being one of the dominant areas of 

interest. It can therefore be concluded that performance analysis and the prediction of the 

future development of a firm are among the most important tools that a firm can hardly do 

without. 

Currently, there is a wide range of methods available which can be used to measure 

business performance. Their application depends on the prevailing market situation, as 

performance measures evolve as the market environment develops (Narkunien and Ulbinaite, 

2018). Malichová et al. (2017) agree and add to this statement that there has been a significant 

shift in the indicators that can measure business performance. They further observe that 

assessment tools are essential for a business as they cannot only reveal strengths, weaknesses, 

threats, and opportunities, but can also determine the success of the business in the market 

compared to its competitors (Linna and Jaakkola, 2010). 

The complex approaches include Balanced Scorecard, Model Excelence, and Six Sigma. 

Machine learning and neural networks comprise a separate group of tools for measuring 

business performance: a dynamic environment with many uncertainties; new forms of 

business and not only the availability, but above all, the need for processing large volumes of 

data; adequate computing power and proven software tools. All the above currently make the 

methods of artificial neural networks among the most effective tools for the evaluation and 

predictive modelling of business development. Especially for predicting financial distress, 

deep learning techniques using LSTM or recurrent networks work better than traditional 

techniques using mainly static time series (Halim et al., 2021). The original purpose of using 

machine learning in economic models was primarily to eliminate some of the original 

problems associated with statistical models, especially data stationarity. However, these new 

methods, which are mainly based on the use of artificial neural networks, have evolved to a 

point where, according to Abdou et al. (2017), they outperform the original statistical models. 

Financial analysis and artificial neural networks, i.e. Kohonen networks, will be the 

methods used in this study. Their application has the potential to examine the relevant aspects 

of businesses / firms operating in the transport sector in the Czech Republic. 

3. Data and methods 

A dataset was created to include complete financial statement data, i.e. balance sheets and 

profit and loss statements of companies which operated in the construction industry in the 

Czech Republic in the period 2015-2019. These are businesses whose predominant activity / 

objects are classified in Section F of the CZ NACE sectoral classification of economic 

activities. The set of businesses is generated from the CRIBIS database of CRIF - Czech 

Credit Bureau. The details of the construction companies (131,950 records in total) will be 

provided in a spreadsheet file using MS Excel.  

Cluster analysis will include items representing the capital structure, asset structure, liquid 

assets, and the ability to generate profit and sales. 

Financial analysis will be based on details from the financial statements of construction 

companies that operated in the Czech Republic in the period 2015-2019. Details concerning 

the property (assets) and capital (liabilities) as of the end of the accounting period and the 

profit and loss statement will be used. The financial characteristics of an average construction 
company will be determined by averaging the values indicated for the individual items of all 

reference enterprises per given year. Following the appropriate adjustment of the data, the file 

will be cleaned to eliminate nonsense or missing values. This assumes that the frequency of 
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outliers will not significantly affect the result (mainly due to the use of a large volume of 

data). 

In terms of methodology, the profitability, debt, liquidity and activity ratios will be 

analysed first. Consequently, the use of foreign capital, a company's assets, receivables, and 

liabilities will be analysed. All this will be done for the input dataset to examine the 

underlying dataset. Thus, the health of the construction sector in the Czech Republic will be 

determined.  

Similarly, financial analysis will be conducted to analyse selected clusters of active 

businesses, companies in liquidation, and overall. This analysis will follow cluster analysis 

using Kohonen networks. Thus, the status and differences in each major cluster will be 

identified. 

The available dataset will first be subject to cluster analysis using Kohonen networks. The 

Statistica software of Tibco version 13 will be used for cluster analysis. The data mining 

module will be applied, and Neural Networks will be used as a specific tool. The file will be 

divided into three parts: 

1. A training dataset, representing 70% of the companies in the dataset. A Kohonen 

network will be built on this dataset. 

2. A test dataset, representing 15% of the companies in the original set. This dataset will 

be used to verify the parameters of the Kohonen network which was created.  

3. A validation dataset, representing 15% of the companies in the dataset. This dataset 

will also be used to validate the Kohonen network which was created, i.e. whether it 

can be used. 

The analysis will mainly examine the average values of the individual clusters. This will 

determine the most successful clusters of companies in the construction industry. 

The topological length and width of the Kohonen map will be set to 10. The number of 

repeated calculations, i.e. iterations, will be set to 10,000. However, the level of error makes 

the difference: if the Kohonen network parameters do not improve with each successive 

iteration, the training will be finished before the 10,000th iteration is performed. If the 

network parameters are still improving at the 10,000th iteration, the whole process will be 

repeated, and the required iterations will be set higher to ensure that the result obtained is the 

best possible. The speed of learning will be set to 0.1 at the beginning and 0.02 at the end. 

The results, i.e. the breakdown of the individual companies into clusters (there will be 100 

of them), will be imported back into the Excel spreadsheet file. Subsequently, the selected 

clusters will be analysed for absolute and selected ratio indicators and the results will be 

interpreted. It will be determined whether we will look for clusters that show extremely high 

absolute values of the selected variables or, alternatively, whether we will look for clusters 

that, on average, show the highest values. At this point, the question will need to be answered 

as to how we should roughly understand the industry leader. A number of variables can be 

selected. The values that will be part of the financial analysis of the underlying dataset 

(profitability, debt, liquidity, or activity ratios; foreign capital indicators; a company's assets 

indicators; receivables ratios; or ratios characterising a company's liabilities) will be included 

in those variables. 

The analysis will mainly examine the average values of the individual clusters. This will 

determine the most successful clusters of companies in the construction industry. 

The whole analysis will be performed such that a variable (classification criterion) will 

also be included to divide businesses into active (successful) and liquidation (unsuccessful). 

The aim will be to establish whether enterprises cluster according to the criteria into 

‘successful’ or ‘unsuccessful’, whether unsuccessful enterprises are significantly represented 
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in specific clusters, and whether successful enterprises are significantly represented in other 

specific clusters. If there is a situation in which unsuccessful enterprises cluster and 

significantly dominate in specific clusters, the financial analysis will allow us to deduce 

which specific variables, and at what intervals, have an impact on whether a firm will be 

successful or unsuccessful. 

4. Results 

The adjusted input data forming the underlying dataset were examined using the selected 

tools of financial analysis. In aggregate, 3,670 companies, of which 50% were active and 50% 

were in liquidation, were analysed. 

4.1 Cluster Analysis – Kohonen Networks 

Following the adopted methodology, the adjusted dataset was subject to cluster analysis 

using Kohonen networks. We will attempt to determine whether companies cluster according 

to the criteria of ‘successful’ and ‘unsuccessful’. In other words, whether successful 

companies are significantly represented in specific clusters, and the same with unsuccessful 

ones. In total, companies are distributed in 100 clusters according to a 10×10 grid. Finally, 

after all data adjustments, a total of 3,670 companies entered the calculation, of which 1,835 

were active and 1,835 were in liquidation (i.e. 50% by 50%). Table 1 shows the frequencies 

of companies in each cluster. 

Table 1: Enterprise frequency table 

 

Network: 1.SOFM 19-100 

Samples: Training, Test, Validation 

1 2 3 4 5 6 7 8 9 10 

1 27 22 35 47 5 35 39 0 19 1,053 

2 21 2 10 5 1 32 19 0 3 35 

3 7 6 6 11 0 14 0 1 2 67 

4 1 1 1 7 0 16 43 2 0 210 

5 10 5 12 9 1 14 10 2 62 100 

6 10 11 17 23 17 10 3 34 60 119 

7 0 0 0 30 16 6 14 26 22 427 

8 35 61 0 7 4 1 1 18 3 8 

9 19 51 3 0 34 2 0 11 5 8 

10 33 11 10 21 25 6 4 1 14 399 

Source: Own production 

The trained network is a SOFM 19-100 network, while the calculation includes 19 items 

from the financial statements, and the enterprises are divided into 100 clusters. It is obvious 

from the table that the largest is Cluster (1, 10), which contains a total of 1,053 enterprises. 

The second largest is Cluster (7, 10), and the third Cluster (10, 10). Generally, clusters in the 

tenth position in terms of column are more significant. There are markedly fewer enterprises 

represented in the other clusters. A quite large group of clusters (12 in total) contains no 

enterprises. 

A vast majority of companies in liquidation are contained in the aforementioned cluster, (1, 

10), where the result is very good as the largest cluster comprises only companies in 
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liquidation. This indicates a very good ability of the generated Kohonen network to classify 

companies in clusters according to their characteristics. 

The clusters contain at least 80% of companies in liquidation. Therefore, these groups can 

still be characterised as clusters which present a bankruptcy zone. The largest cluster in this 

group is Cluster (3, 7), which contains a total of 43 companies, of which 37 are in liquidation 

and only 6 are active. 

The clusters that include such a large number of active companies and those in liquidation 

that their portion of companies in liquidation is large compared to that of active enterprises 

belong to the so-called grey zone. Businesses included in this category do not show signs of 

bankruptcy; however, their susceptibility to problems is significant, and the companies need 

to take actions to avoid possible bankruptcy. The goal of these companies is, of course, to 

move out of the grey zone and into the zone of creditworthy companies. The table shows that, 

in terms of numbers, Cluster (5, 9), which contains 62 companies, is the largest, with exactly 

half falling within the group of active companies and the other half ranked as companies in 

liquidation. 

A total of 7 clusters only comprise active companies; these clusters are less populated, and 

contain only between 1 and 8 companies. Thus, the larger clusters include both active 

companies and those in liquidation (except for the significantly represented clusters that only 

contain companies in liquidation). This fact suggests that the generated Kohonen network can 

classify companies in liquidation quite precisely.  

The largest cluster in terms of the credit zone is Cluster (7, 10). It contains 427 companies, 

of which only 4.22% are in liquidation. The second largest is Cluster (10, 10), with 399 

companies, of which only 5.51% are in liquidation. Some of the other clusters include more 

companies in liquidation, with the proportion of these companies being above 30%. 

The situation regarding the number of active companies in the clusters is illustrated in 

Figure 1. 

Figure 1: Active enterprises in clusters 

 

Source: Own production 

As previously mentioned, the most populated clusters are Clusters (7, 10) and (10, 10). 

Clusters (5, 1), (6, 10), and (5, 10) are worthy of note. The others comprise significantly fewer 

active companies, while many clusters do not contain any such companies. Similarly, the 

number of clusters for companies in liquidation will be illustrated (see Figure 2). 
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Figure 2: Companies in liquidation in clusters 

 

Source: Own production 

The figure confirms the dominant position of Cluster (1, 10), which clearly contains the 

most companies of all clusters. All companies in this cluster are in liquidation. Furthermore, 

Clusters (3, 10) and (4, 10) are more populated, but include approximately 15 times fewer 

companies than the largest cluster. These facts again attest to the very good ability of the 

Kohonen network to classify companies in liquidation. 

It is interesting to provide a general description and characteristics of the details of the 

companies classified by cluster and by status. The sums of the variables are calculated to 

identify the importance of a cluster for a given industry; the arithmetic mean of the variables 

then allows us to see what a typical company of a given cluster looks like. 

4.2 Financial Analysis – Clusters (7, 10), (10, 10), (8, 10) Active Enterprises 

In this section, selected clusters of active companies, or the average companies of clusters, 

are examined.  

The average company in Cluster (10, 10) has a lower volume of assets, and consequently a 

higher ROA value; it applies an aggressive financial strategy (higher debt); however, the total 

cost of interest is fairly low, as is the cost of foreign capital. The companies in (10, 10) have a 

lower volume of personnel costs; they do not have many employees; thus, they perhaps 

engage subcontractors in their contracts, which implies a higher volume of services in sales. 

Cluster (10, 10) is the most appropriate in terms of financial health. The companies in Cluster 

(8, 10) generate the highest inventory turnover due to their high total inventory, specifically 

materials.  

The companies in Cluster (10, 10) are the healthiest financially. The enterprises in Cluster 

(7, 10) have lower profit and loss than those in Clusters (10, 10) and (8, 10), although they 

have the highest value of intangible fixed assets, the lowest current liabilities, and the lowest 

total assets, equity, and sales of in-house services. 

The average companies in Clusters (10, 10) and (8, 10) have similar rates of debt 

(approximately 60%); thus, these debt levels can be considered to be the most common for 

active companies in this sector of the economy. 

The current ratio for the average companies in Clusters (7, 10), (10, 10), and (8, 10) always 

reach the recommended values. The results show that the companies are of sufficiently good 

financial standing to meet their obligations. The results also show that the current ratios for 
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the average companies in all the clusters exceed the given recommendation, i.e. the 

companies generate a higher quick ratio.  

The results show that the cash ratio for the average companies in all three clusters meet the 

lower bound of the recommended value. The active companies across Clusters (7, 10), (10, 

10), and (8, 10) generate an asset turnover higher than 1, which means that, compared to all 

the enterprises and 50% of the active companies, these clusters have an ideal and fast asset 

turnover. By far, the highest asset turnover value is generated by Cluster (10, 10).  

The best inventory turnover ratio is generated by the average company in Cluster (10, 10), 

where the inventory turnover time is 14 days after rounding, which is a relatively rapid 

change of inventory into cash or receivables. The turnover time for the enterprises in Cluster 

(7, 10) is four days longer, while the longest time, 22 days after rounding, is seen for 

enterprises in Cluster (8, 10). 

Cluster (7, 10) has the lowest accounts payable turnover by a factor of 11. Cluster (10, 10) 

has the highest ratio, while the accounts payable turnover is 17 times after rounding. 

However, none of the clusters has values close to those for all enterprises, or close to those for 

50% of the active enterprises: they strongly exceed them. 

In Cluster (7, 10), the companies reach the average (mean value) receivables turnover rate, 

compared to other clusters of active enterprises. Their turnover rate reaches over 60. Again, 

the highest turnover was reached, which was over 151 times. Cluster (8, 10) has again the 

lowest turnover rate, hence the longest time. This turnover rate is the closest to the values for 

all the companies. 

The cost of foreign capital is higher for the companies in Cluster (10, 10), although those 

are the most active companies, with a reasonable level of debt (approximately 70%) and the 

most expensive foreign financing. Nevertheless, the cost of foreign capital is lower than that 

of the average company. 

The average company in Cluster (10, 10) has the lowest asset receivables of the members, 

i.e. the key persons redeem their receivables against the company, or these receivables do not 

arise at all - the key persons have no need to draw funds at the expense of the company.  

The average company in Cluster (8, 10) has the highest ratio of trade accounts receivable 

to assets; thus, the companies in the cluster do not seem to be able to collect their debts 

ideally. 

All three clusters have similar levels of retained profit / liabilities as both the average 

company (12.94%) and the average active company (11.93%). From this perspective, even the 

best financial activity does not carry a higher level of retained profit. It can thus be assumed 

that this profit is paid to members / shareholders as dividends/ shares in profit; thus, among 

others, the accounts receivable item for the key persons is redeemed. 

Loss / liabilities carried forward: Compared to the average (-8.97%) and the average active 

company (-7.43%), the average companies in the clusters examined show results that are 

significantly above the average; however, it is still apparent that the given clusters include 

companies that show loss carried forward in their accounting. 

4.3 Financial Analysis – Clusters (3, 10), (4, 7), (1, 10) Companies in Liquidation  

The cluster, (3, 10), i.e. bankrupt companies, has negative EBIT; therefore, the ratios are 

also negative. Consequently, it has low total fixed assets and negative accounts receivable for 

subscribed equity compared to other reference clusters. Cluster (1, 10) has the highest level of 

foreign funds of the reference clusters, (3, 10), (4, 7), and (1, 10), while, similar to other 

clusters. Cluster (1, 10) has negative EBIT, despite quite low interest expenses. Cluster (4, 7) 
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also has negative EBIT; thus, the ratios are also negative, although it shows positive assets 

and a lower use of foreign funds.  

 

The clusters of companies in liquidation differ from one another; however, in the case of 

Clusters (3, 10) and (4, 7), the absolute EBIT is quite comparable. The profitability ratio, 

ROS, among the clusters is very high. Cluster (4, 7) has approximately 5 times higher sales 

than Cluster (3, 10), which implies that the latter cluster makes more effective use of its 

financial resources, or has a lower volume of assets. Therefore, it can be concluded that 

Cluster (4, 7) has higher net assets, but makes less effective and lower use of resources. 

Cluster (1, 10) has negative net assets; thus, the total ROA is positive. Cluster (1, 10) contains 

a total of 1,043 companies; the negative net assets of the average company per cluster is due 

to individual companies with a significantly negative net asset value, with other companies 

reaching a volume of assets close to positive zero. The negative net asset values are due to the 

negative values of short-term receivables which seem to have arisen as a result of credit notes 

issued (i.e. essentially liabilities), or the collection of more 'advances' of payments from 

clients than were actually invoiced; again, they represent a type of liability that requires the 

companies to repay the funds thus obtained to the originator. In this respect, the average 

company in Cluster (1, 10) is thus by far the worst and clearly over-indebted.  

The negative net debt of the average company in Cluster (3, 10) is due to the overall 

negative foreign capital, which is driven by the negative net liabilities to members / 

shareholders, i.e. the negative net liabilities to members / shareholders are essentially claims 

on members / shareholders who, in this case, should ideally return to the firm the funds they 

have borrowed. The above variable thus changes its original ease of interpretation. Cluster (1, 

10) then reaches a positive net debt due to the negative net liabilities (see the negative net 

assets above) and the negative external resources, again due to the negative net liabilities of 

members/shareholders. In this respect, the average company in Cluster (4, 7) is ironically 

presented as the best performing company, with a debt ratio of approximately 97.5%, but with 

positive net liabilities and external resources. It can be extrapolated from the above that the 

companies in Clusters (3, 10) and (1, 10) did not receive any support from the key persons 

who, thus, became debtors of those enterprises.  

The average company in Cluster (4, 7) is close to the lower limit of the recommended 

interval, while the other clusters have fairly low liquid assets. Cluster (3, 10) has negative 

current and quick ratios, caused by negative net assets; thus, the indicated ratio loses its 

original ease of interpretation. 

The quick ratio for Cluster (4, 7), by the given criterion, is more than successful when it 

exceeds the recommended liquid assets, i.e. it is more liquid than would be required. Minor 

differences between the current and quick ratios indicate a low level of assets allocated in 

inventory, which further corroborates the conclusions that companies in liquidation are 

trying/are forced to eliminate the amount of funds tied up in inventory. Indeed, the cash 

position ratio could not be determined because the companies only had a low level or no 

short-term financial assets. 

The asset turnover for the bankruptcy clusters, (3, 10), (4, 7), and (1, 10), did not even 

reach the minimum values. 

For Cluster (3, 10), the inventory turnover time for a company is 26 days, while in Cluster 

(4, 7), the turnover time is 58 days; in Cluster (1, 10), the turnover time is 2 days, which is an 

extremely rapid turnover.  
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Trade receivables only represent a small part of total assets; for the average company, it 

was approximately 10.4%, which suggests that companies in liquidation are not very active, 

although they manage to collect these debts, or conversely, they do not hold any assets.  

Companies in liquidation have a higher relative ratio of retained earnings to total liabilities, 

which can be interpreted to mean that those companies accumulated this source of funding 

and did not pay it out as shares in profit. Again, therefore, this can be seen as key persons 

being keen on supporting companies in liquidation and preventing their bankruptcy. 

Loss/liabilities carried forward: The ratio supports the predictable conclusion that 

companies in liquidation have a higher relative volume of losses carried forward relative to 

liabilities. It is the accumulation of losses carried forward that may force companies to raise 

additional foreign capital (increasing debt). 

5. Discussion 

The construction sector was deliberately chosen as it plays an important role in any 

national economy. It employs almost 40% of the total economically active population in the 

Czech Republic. It is often referred to as the national economy development indicator, as it 

can be used to estimate the development of the entire macroeconomic situation; the 

construction industry would be the first sector exposed to a recession, i.e. a decline in 

demand, or a boom, i.e. an increase in demand (Linkeschová, 2005). This fact is also 

mentioned in foreign studies. McGeorge et al. (2013), Vochozka et al. (2015), or Adinoyi and 

Nor´aini (2015) maintain that the construction industry is the major economic driver in both 

developed and developing countries. 

The calculations and information available make it possible to answer the research 

questions. 

RQ1: Is cluster analysis an appropriate tool for identifying companies that will face 

bankruptcy?  

Yes, Kohonen networks provide a tool that can quite successfully classify businesses into 

active companies and companies in liquidation. In particular, the group of companies in 

liquidation was very easily and well identified by the Kohonen networks, based on common 

characteristics. A vast majority were classified in Cluster (1, 10), which contained 1,053 

companies in liquidation, with no active company (i.e. more than 57% of all the companies in 

liquidation were included in this single cluster). Another 14% of the companies in liquidation 

constituted 100% representation in some of the other clusters. This means that more than 70% 

of companies in liquidation were classified in clusters with 100% representation of those 

companies. Therefore, clearly, Kohonen networks can classify companies that will face 

bankruptcy with high probability.  

RQ2: Can businesses be categorised by common characteristics into groups of successful 

and unsuccessful businesses? 

Yes, businesses can be clustered into successful and unsuccessful companies according to 

their common characteristics. The answer to the first research question already indicated the 

proportion of companies in liquidation that were fully classified in specific clusters. 

Considering the situation more closely, a total of 1,443 companies (40% of the total number 

of enterprises) were classified in the bankruptcy zone, 294 companies (8% of the total number 
of enterprises) were classified in the grey zone, and 1,933 companies (52% of the total 

number of enterprises) were classified in the creditworthy zone. It is therefore obvious that 

not all active companies were classified in the active group and, similarly, not all companies 

in liquidation were classified in the bankruptcy group. Nevertheless, Kohonen networks are 
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very successful, and the potential of this type of artificial neural networks to classify 

businesses by common characteristics into different clusters is hereby confirmed.  

RQ3: Can cluster analysis be used to identify key indicators that feature failing 

businesses? 

There is no straightforward answer to this research question. Rather, the answer would be, 

‘No’. Using cluster analysis, i.e. Kohonen networks, businesses can be highly efficiently 

clustered into active companies and companies in liquidation based on their sub-

characteristics; however, to determine the key indicators that feature bankrupt or active 

companies, further analysis would be required, mainly financial analysis of the clusters in 

question, which determines and characterises the key indicators in more detail.  

6. Conclusion 

The aim of this study was to describe, in detail, the issue of business performance and 

Kohonen networks as a tool used for cluster analysis, and to determine the ability of a 

business to survive a potential financial distress. To achieve the main objective, three sub-

objectives that focus on the adjustment of the dataset, the identification of the most successful 

clusters of companies within the construction industry, and the identification of a specific 

variable that affects the success of a company, were defined.  

First, financial analysis of the underlying dataset was conducted. The results show that 

companies in liquidation enter into (quite logically) contracts with lower profitability, and that 

creditors perceive the risks of companies in liquidation that arise from or relate to higher debt 

levels and require higher returns to cover these risks. Construction companies in the Czech 

Republic are advised to consider whether they are only using the assets necessary for 

operation, and to reduce their indebtedness in many cases; additionally, they are advised to 

strive to increase their business margin, even if this requires offering additional services, and 

to focus on optimising their financial results (profit and loss).  

The items that represent capital structure, such as asset structure, liquid assets, and a 

company’s ability to generate sales and profit, were subject to cluster analysis. Specifically, 

the following items were considered: total assets, fixed assets, tangible fixed assets, current 

assets, inventories, long-term receivables, short-term receivables, short-term financial assets, 

equity, foreign resources, long-term liabilities, short-term liabilities, revenues from sales of 

goods, revenue from sales of products and services, consumption of energy and materials, 

services, personnel costs, depreciation of intangible and tangible fixed assets, and interest 

expenses. Artificial intelligence, i.e. Kohonen networks, was used for the cluster analysis. The 

results indicated that the companies had negative net short-term receivables, probably arising 

from credit notes issued or due to the collection of more advances. These businesses did not 

receive any support from the key persons, who thus became debtors. Companies in liquidation 

attempt to eliminate the volume of funds tied up in inventories. They do not hold any assets; 

however, they can reasonably manage to collect trade debts. They can also engage additional 

foreign capital, increase debt, and accumulate the retained profit - the interest of the key 

persons in supporting the enterprises and avoiding bankruptcy is apparent. 

The aim of the study is thus considered to have been achieved. 

The limitations of the research include the fact that data and information from the grey 
zone, i.e. companies that would face liquidation during the reference period, were not 

considered. Time and space constraints are another limitation. It would be useful to include a 

longer time period to compare results over time, as well as to focus on other sectors of the 

national economy, or possibly other countries, and to compare them. Meanwhile, such future 
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research could apply other methods appropriate for cluster analysis or some other econometric 

methods, including, for example, regression analysis. 
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