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Abstract 

Financial distress is a situation in which a company cannot pay or has a difficulty to pay off 

its financial obligations. The crucial step in each analysis of companies’ financial status is to 

define the criteria that would describe the financial difficulties of enterprises with high 

accuracy. In our analyses of financial distress of Slovak companies, three criteria are 

considered: (1) the equity, (2) the earnings after taxes and (3) the current ratio value. Our 

main goal is to investigate if it is possible to identify homogeneous clusters regarding the 

companies’ financial health by using the financial longitudinal data. The k-means partitioning 

of companies is based on time trajectories of these criteria. The clustering is made by using 

statistical system R and the package “kml”. The results show, that recognition of patterns in 

panel data set can be helpful in the process of financial distress analysis, but it is necessary to 

add an expert point of view as well. 
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Introduction  

There exist many valid alternatives how to define financially distressed (or healthy) 

companies. Generally, we can say, that financial distress is the situation in which company is 

not able to pay off its financial obligation. Authors in (Baixauli & Modica-Milo, 2010) use 

four financial indicators of profitability and an expert opinion to define financial distress. 

Abid & Zouari  (2000) use a modified (option pricing) Black-Scholes model. Li & Liu (2009) 

state, that company is in financial distress if their economic results for two consecutive years 

are negative. In the paper (Stachova & al., 2015), it is defining financial distress as a situation 

in which a company went bankrupt, has some ongoing liquidation or has some overdue 

obligations (on an obligation). 
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Our analysis is based on an approach to financial distress as defined in (Boďa  & 

Úradníček, 2016). “An enterprise was considered financially distressed if 

a) its Equity was negative, 

b) its EAT (Earnings after taxes) was negative, 

c) its Current ratio attained a value lower than 1. 

All the three conditions have to be satisfied in order for an enterprise to be considered 

financially distressed.”  

 The condition of the negative value of Equity comes from the legislative of the Slovak 

Republic, and it can indicate the high level of indebtedness of a company. The second 

condition, negative Earnings after taxes, can signalise unprofitable business operations. 

Because all of the enterprises used in this analysis operate in a homogeneous environment, 

there is a reason to monitor this criterion. The last indicator (Current ratio) is connected with 

undercapitalised state of an enterprise. This state is described in (Boďa  & Úradníček, 2016) 

as  “a situation in which long-term assets are covered not only by long-term liabilities but also 

by a fraction of current liabilities. Such a situation is not sustainable in the long term and it 

also implies an accounting form of insolvency. By definition, an undercapitalised enterprise is 

unable to liquidate all its current assets to pay off or settle all its current liabilities. Too low a 

level of liquidity is an impediment to honouring short-term payables and implementing 

investment strategies. The significance of liquidity for Slovak enterprises is discussed e.g. by 

Strachotová (2012, pp. 3-4) who assesses the liquidity of the whole entrepreneurial sector in 

Slovakia as well.” 

The models for classifying and predicting whether a company is a potential candidate 

for being financially distressed has become a subject of many studies since well-known 

Altman’s Z-score (Altman, 1968) and its revision (Altman, 1983). Many similar studies and 

approaches are based on static classification models constructed using various statistical 

methods, -e.g. discriminant analysis, logistic regression, decision trees (Boďa  & Úradníček, 

2016; Balcean & Ooghe, 2006; Brezigar-Masten, 2012). We believe, that time dynamic is 

being incorporated into these well-known static models can improve their predictive accuracy. 

This idea is supported by studies presented in (Kráľ & al., 2014; Stachová & al. 2015).  

We assume that the power of static financial distress predictive models might be 

enhanced by adding information about negative dynamics of the financial indicators to their 

static cut-off values. Thus, the aim of our contribution is to investigate if it is possible to 

identify homogeneous clusters regarding the companies’ financial distress by using the 

financial longitudinal data collected over four consecutive years. In order to satisfy this goal, 
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we use the K-means partitioning of companies based on their time trajectories of values of 

three criteria mentioned above. 

The paper is divided as follows. In section 1 we shortly present the data set and the 

methodology; Section 2 consists of the results achieved in our analysis and in Section 3 we 

conclude and discuss our achievements. 

 

1 Data and Methodology 

In the paper, we use data set that consists of 3 numeric financial distress indicators from 2900 

companies that are recognized as sectors of Manufacturing, Construction, and Wholesale and 

retail trade, repair of motor vehicles and motorcycles, in accordance with SK NACE 

classification. This database is purchased from the Slovak corporate analytical agency CRIF – 

Slovak Credit Bureau, s.r.o. (http://www.crif.sk) and covers the data from year 2010 to 2013. 

The selected companies belong to the higher risk section of economic activities in order of the 

number of bankruptcy declarations. Descriptive statistics of yearly percentage change of 

indicators can be found in Table 1. 

Tab. 1: Descriptive Statistics of Mean Annualized Percentage Change of Indicators 

Financial Indicator Mean Standard deviation Median 

Equity 1.24 34.5 0.75 

EAT -17.86 35.55 -24.5 

Current ratio value 1.47 22.45 0 

Source: the authors. 

We expect, that the significant changes in the values of each of these three criteria can 

indicate the changes in financial health of a monitored company especially if they decrease 

rapidly over the time. 

In order to fulfill the goal of our paper we use the K-means partitioning to cluster the 

time trajectories of selected outcomes which is implemented in the R (R Core Team 2013)  

package “kml” (Genolini & al., 2015)  using the same named function kml(). We applied the 

“kml” clustering to the values from year 2010 to 2013 of Equity (VI), Earnings after taxes 

(EAT) and Current ratio (L_III) separately, trying to find companies that are not labeled as 

financially distressed from a static expert’s point of view, but that could be labeled as 

companies at risk according their past trends in values of VI, EAT and L_III. 

  The K-means clustering applied in the “kml” package is modified for the longitudinal 

data. This algorithm is based on the original K-means clustering (MacQueen, 1967). This 
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method minimizes the utility function iteratively for the time t, N objects according to an 

assumption of C cluster. The utility function can be expressed as follows:  
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We used the euclidean distance dict = ||xit - hct|| between i-th vector of objects 

xit = (xi1t, …, xijt, …, xiJt)´ and c-th centroid hct = (hc1t, …, hcjt, …, hcJt)´ in the time t. We 

applied the algorithm to the standardised values of variables. 

2 Results 

If we follow the static expert’s definition of financial distress as in (Boďa  & Úradníček, 

2016) and apply it to our data from year 2013, we will find the 901 companies being in 

financial distress. 

In the first step, we applied “kml” clustering to values of Equity and obtained 7 

clusters. The means of trajectories of created clusters and the percentage of values in each 

cluster are shown in Figure 1. The letter V in Figure 1 stands for value of Equity. 

It can be seen, that clusters labeled as E, F, G contain the decreasing values of Equity 

criterion. In comparison with a static expert’s point of view, there are another 25 companies 

that would be not labeled as financially distressed, because their Equity is not negative, but 

we found them as at the risk of financial distress, because their Equity values decrease over 

the time. 

The Figure 2 displays the distribution of annualized percentage change of Equity 

calculated from the values measured in years 2010 and 2013. Almost half of companies 

(median of yearly change equals to 0.75, see Table 1) has decreasing trend. According to this 

fact the “kml” algorithm should create more balanced clusters with the higher number of 

members. Unfortunately, the result of partitioning is contradictory. We get only one large 

cluster which contains 90.1% of values and 6 small clusters. 
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Fig. 1: The K-means clustering of Equity values 

 

Source: the authors. 

Fig. 2: The box plot of Equity values 

 

Source: the authors. 
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Secondly, we clustered the EAT values and we obtained 5 clusters. Figure 3 shows, 

that clusters named with letters B, D, E contain the companies with decreasing values of EAT 

criterion. Another 110 companies were labeled as financially distressed according to this 

clustering. A box plot in Figure 4 and measurements of central tendencies (mean = -17.86, 

median = -24.5) again shows, that the “kml” should classify more companies into risky 

clusters with negative trend. 

Fig. 3: The K-means clustering of EAT values 

 

Source: the authors. 
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Fig. 4: The box plot of EAT values 

 

Source: the authors. 

 

Fig. 5: The K-means clustering of Current ratio value 
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Source: the authors. 

Fig. 6: The box plot of Current ratio values 

 

Source: the authors. 

Finally, we clustered the Current ratio values. We identified 7 clusters as it is plotted in 

Figure 5. The decreasing trajectories of this criterion are placed in the clusters B and F. We 

found another 26 companies at the risk of financial distress that would not be recognized in 

static expert’s point of view. However, the box plot in Figure 6 shows that the percentage of 

created clusters is not what we would have expected as median of yearly change is 0. 

When we combine the results obtained in each step of our analysis, we found overall 

115 companies (app. 6 %) that would not be labeled as financially distressed according to the 

three criteria mentioned in Introduction of this paper, but they are recognized as at the risk of 

financial distress according to their decreasing values of Equity, or EAT, or Current ratio over 

the time. 

 

Conclusion  

The main aim of this contribution was to investigate if it is possible to identify homogeneous 

clusters regarding the companies’ financial distress by using the financial longitudinal data. 

The k-means partitioning of companies based on time trajectories of the three criteria was 

applied. The results show, that there is an evidence of companies that should be recorded as 

being at the risk of financial distress according to their decreasing values of selected criteria. 
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These companies would not be found using the static expert method that takes into account 

only positivity/negativity of one-year indicator values. However, we also found, that the 

“kml” method of clustering of trajectories is very rough and it is no able to identify the 

majority of companies with negative trend. This fact leads us to investigate in our future work 

more appropriate clustering algorithm that would recognize better existing patterns of the 

development of repeated measures in time. 
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