
23 June 2020, 13th Economics & Finance Virtual Conference, Prague ISBN 978-80-87927-95-3, IISES

DOI: 10.20472/EFC.2020.013.004

EMIL EXENBERGER
Technical University of Košice, Slovakia

MICHAELA KAVČÁKOVÁ
Technical University of Košice, Slovakia

EVALUATION OF FINANCIAL HEALTH OF COMPANIES THROUGH
DATA ENVELOPMENT ANALYSIS: SELECTION OF VARIABLES FOR

THE DEA MODEL IN R

Abstract:
Existing companies need to continually adapt to changing market conditions. The market situation
may change, say, from day to day, as in 2008, when the Great Depression broke out, or as is
currently the case during the COVID-19 pandemic. For this reason, companies need to monitor their
financial health and be able to cope with such unpredictable situations. The aim of this paper is to
provide a detailed guide to selecting appropriate financial indicators for the Data Envelopment
Analysis model that can be used to evaluate the financial health of companies. Specifically, we use
the Mann-Whitney test for indicators of IT companies in Slovakia during 2012-2017. The result is a
process of selecting variables to evaluate the financial health of companies through the DEA model,
applicable to both business practice and academia.
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1 Introduction 

The aim of evaluating a company's financial health is to identify its financial problems in time, which 
could lead to its bankruptcy. The process of predicting bankruptcy is important not only for the owners 
and managers of the company, but also for its investors or creditors, as well as borrowing institutions. 
According to (Chaudhuri and Ghosh 2017) bankruptcy can be considered as the 
state where the firm is not able to satisfy the debts and requests of the court of law to 
restructure its debts or liquidate its assets. A number of methods are used to evaluate the financial health 
of companies, and thus the identification of bankruptcy, such as Zmijewski's X-score, Altman's Z-score, 
Beaver's model, Quick test, IN indices, etc. However, these models are out of date in their original forms 
because they were created in the market conditions of the 20th century. For this reason, these models 
are being modified to the current market conditions or the possibility of using alternative methods such 
as neural networks or Data Envelopment Analysis (DEA) is being explored. 

When using a DEA model, it is important to select the correct sample of companies and variables 
that enter to the model. In evaluating the financial health of the company, these variables are represented 
by financial indicators of surveyed companies whose selection is based on a specific procedure that 
divided them into inputs and outputs of the company. 

In this paper we provide a detailed guide to selecting appropriate financial indicators for the Data 
Envelopment Analysis model that can be used to evaluate the financial health of companies. 

2 Literature preview 

Smith and Winakor (Smith and Winakor 1935) in 1935 and Mervin (Merwin 1942) in 1942 were the 
first who evaluate the financial health of companies after the outbreak of the so-called Great Depression 
in the 1930s. These authors laid the foundations for identifying corporate bankruptcy, and since then a 
number of models have emerged that Kotulič et al. (Kotulič, Király, and Rajčániová 2007) divide into 3 
categories: 

1. one-dimensional discriminatory analysis; 
2. multidimensional discriminatory analysis; 
3. scoring methods. 

One-dimensional analysis is a mathematical-statistical method, which predicts the financial 
distress of a company using a single indicator. The best known representatives of this group of methods 
are (Beaver 1966; Zmijewski 1984; Deakin 1972; Ohlson 1980). Beaver’s work is considered as one of 
the classical works in bankruptcy prediction. He categorized the ratios into 6 groups consisting of 30 
ratios. His sample consisted of 79 pairs of bankrupt and non-bankrupt companies. As the best 
discriminators were considered the working capital funds flow/total assets and net income/total assets. 
Beaver’s model correctly identified about 90% and 88% of the companies’ cases. From this group of 
models, however, the most commonly used is so-called Zmijewski X-score. Zmijewski used 40 bankrupt 
and 800 healthy industrial companies´ data for the period 1972-1978 and constructed so-called X-score 
model by using ROA, leverage, and liquidity ratios. Zmijewski considers a breakpoint for probability of 
bankruptcy of 0.5. This model has been used in studies of many authors who have compared it with other 
models used to evaluate the financial health of companies (Grice Jr and Dugan 2003; Yuliastary and 
Wirakusuma 2014; Husein and Pambekti 2015; Manalu, Octavianus, and Kalmadara 2017). 

Multidimensional discriminatory analysis is also a mathematical-statistical method which predicts 
financial distress using a set of multiple indicators, with different weights assigned to these indicators. 
This group of models is used to evaluate a phenomenon that determines several factors with different 
intensities. Their role is to forecast the financial situation and with reasonable confidence, to classify the 
company either in a group of financially health companies or in a group of companies in financial distress. 
In addition, they are also used to compare the situation between companies. This group of models is one 
of the most commonly used in practice and their best known representative is Altman (Altman 1968) with 
his Z-score. This test is based on empirical data on companies in financial distress in the last 5 years 
before bankruptcy and data on prosperous companies for the same period. He then used a 
multidimensional discriminatory analysis to determine the indicators that characterize the current financial 
situation of companies and their development. The essence of this analysis is to find a linear combination 
of indicators that best distinguish companies from bankruptcy and prosperity. Altman used 5 financial 
indicators to create his equation of Z-score, which many authors have modified it or simply used in their 
papers (Grice and Ingram 2001; Eidleman 1995; Anjum 2012; Calandro 2007; Chouhan, Chandra, and 
Goswami 2014; Almamy, Aston, and Ngwa 2016; Ko, Fujita, and Li 2017; Samarakoon and Hasan 2003; 
Thai et al. 2014; Alexakis 2008; Mohammed 2016).  
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Scoring methods predicts the financial development of the company using scales, which are 
usually determined by expert methods. Known models from this group of methods are Kralick's Quick 
test or Taffler's model. In 1990, Kralicek (Kralicek 1993) proposed the so-called Quick test, used mainly 
in Europe. It is a kind of transition between one-dimensional and multidimensional models. From each 
important area of the analysis, such as stability, liquidity, profitability and profit, he used one selected 
indicator and created a point scale. This type of model was used in studies worldwide (Vrbka and Rowland 
2019; Schönfeld, Kuděj, and Smrčka 2018; Plandor and Landryová 2012; Kuběnka 2016; Polo and Caca 
2014) or in Slovakia (Šofranková, n.d.). 

Data Envelopment Analysis (DEA) is used to evaluate the technical efficiency of homogeneous 
units (Decision Making Units – DMU). DEA is a non-parametric method which belongs to a group of 
mathematical methods based on linear programming. This method aims to divide the surveyed objects 
into efficient and ineffective according to the size of inputs consumed and the number of outputs. DEA 
compares these objects to the best one. The basis of DEA models is the so-called production–possibility 
frontier that is made up of all acceptable combinations of inputs and outputs. This frontier is determined 
by the production possibility curve, which determines whether or not the investigated unit is effective. The 
unit is effective if it lies at the production possibility curve. If it does not lie on this border, it is inefficient, 
and it is necessary to adjust the size of its inputs or outputs. In recent years, many authors (Paradi, 
Asmild, and Simak 2004; Feruś 2010; Sueyoshi and Goto 2011; Mendelová and Bielikova 2017; Xin, 
Hoe, and Siew 2019; Horváthová, Mokrišová, and Vrábliková 2019) have been interested in using DEA 
as an alternative method in evaluating the financial health of companies, because the above-mentioned 
traditional models are obsolete as they originated in the last century and do not reflect the current market 
situation. 

When selecting inputs to the DEA model, which will be used to assess the financial health of 
companies, non-parametric tests can be used, which divide a group of indicators into those whose high 
values are typical for companies in financial health or bankruptcy. Examples of such tests are the Li test 
(Li, Maasoumi, and Racine 2009) or the Mann Whitney U test (Mann and Whitney 1947), which can be 
used in various areas of life such as medicine (Kühnast and Neuhäuser 2008; Okeh 2009; Neely et al. 
2003), botany (Bogdanov et al. 2007; Simmonds et al. 2000), veterinary medicine (Meurs et al. 1998; 
Hauptman, Walshaw, and Olivier 1997) or in financial sphere (LeCornu et al. 1996; O’Neill et al. 2006; 
Ulum, Rizqiyah, and Jati 2016; Büyüksalvarci and Abdioglu 2010; Omoke et al. 2015). 

In the following parts of the paper, we will focus on developing a detailed guide to selecting 
appropriate financial indicators for the Data Envelopment Analysis model that can be used to evaluate 
the financial health of companies. 

3 Research method 

When working out the literature review, we did not meet a source that would describe the procedure 
for selecting indicators that should represent inputs to the DEA method in detail. Therefore, the aim of 
this work will be to provide a detailed guide to selecting appropriate financial indicators for the Data 
Envelopment Analysis model that can be used to evaluate the financial health of companies. We will run 
the whole algorithm in the program R, which is the language and environment for statistical computing 
and graphics (R Core Team 1993). 

The data consist of 27 financial indicators calculated values of companies in the years 2013 to 
2017. We obtained these data from the FinStat internet portal. For the correct use of the DEA method, it 
is necessary to produce homogeneous products for the tested companies, so in the selection of test data 
we will select companies from one industry. As an industry, we chose "Information Technology" in the 
Slovak Republic because the IT industry is currently one of the fastest growing industries. In order to 
increase the probability of selecting such indicators that will sufficiently represent the financial situation 
of the company, it is important that the number of monitored indicators are as large as possible. 

The first step will be to add the value of equity of next year (ENY), which will represent the value 
of equity of the monitored company in the next year. For example, to the calculated values of the 
indicators of company 𝑋 in 2013, we add the value of equity, which the company reported in the year 
2014. Based on this value, we then determine the level of financial health of the company, which should 
be predicted by DEA model. If the value of ENY in year 𝑛 +  1 is greater than 0, then the DEA model 

should predict the financial health of the selected company in year 𝑛 as a "financial healthy" company; if 

the value of ENY in year 𝑛 +  1 is less than 0, then the DEA method should predict the financial health of 

the selected company in year 𝑛 as a “financial distress” company. 

The next step in our proposed algorithm in the selection of input indicators to the DEA method will 
be the removal of multicollinearity between the indicators in the dataset. The dependent variable will 
be the value of ENY and the explanatory variables will be 27 financial indicators. In the R environment 
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we use the command 𝑚𝑐 =  𝑙𝑚 (𝐸𝑁𝑌 ~. , 𝐷𝑎𝑡𝑎) (Chambers and Hastie 1992; Wilkinson and Rogers 
1973) to calculate the partial linear regressions and use the function 𝑣𝑖𝑓 (𝑚𝑐) to calculate the variance 
inflation factor for each indicator. If a financial indicator has a value of variance inflation factor > 10, it 
indicates the presence of multicollinearity, so we remove such indicators from the dataset. 

After removing multicollinearity, we need to identify financial indicators within which the values 
differ statistically significantly between financial healthy and financial distress companies. For this we can 
use the Li test (consistent integrated squared difference test) or the Mann Whitney U test. In the final part, 
we will use the proposed algorithm for selecting inputs to the DEA model 2 times: once using the Li test 
and the second time using the Mann Whitney U test. We compile DEA models for both input selections 
and compare the successes of these models. Based on the resulting comparison, we will select the test 
that will lead to a more successful DEA model to select the inputs of the DEA model. 

Using the Li test (consistent integrated squared difference test) (Li, Maasoumi, and Racine 2009), 
we test the null hypothesis: “There are not significant differences in the jiont distribution within the tested 
financial indicator between financial healthy and financial distress companies”. If we perform the test in 
the R environment using the command: 

𝑛𝑝𝑑𝑒𝑛𝑒𝑞𝑡𝑒𝑠𝑡(ℎ𝑒𝑎𝑙𝑡ℎ𝑦_𝑡𝑎𝑏𝑙𝑒, 𝑑𝑖𝑠𝑡𝑟𝑒𝑠𝑠_𝑡𝑎𝑏𝑙𝑒, 𝑏𝑜𝑜𝑡. 𝑛𝑢𝑚 =  99) 

We will perform the given test for each indicator separately. The ℎ𝑒𝑎𝑙𝑡ℎ𝑦_𝑡𝑎𝑏𝑙𝑒 and 𝑑𝑖𝑠𝑡𝑟𝑒𝑠𝑠_𝑡𝑎𝑏𝑙𝑒 
tables will have one column, which will represent exactly one analyzed financial indicator. The rows of 
these tables will contain the values of the financial indicators of companies, which will be divided 
according to the value of ENY into financial healthy and financial distress companies. The value 𝑏𝑜𝑜𝑡. 𝑛𝑢𝑚 
represents an integer value specifying the number of bootstrap replications to use (Racine 2020). If the 
tested indicator within the Li test shows a 𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 0.001, then we reject H0 and accept the alternative 
hypothesis H1: “There are significant differences in the jiont distribution within the tested financial 
indicator between financial healthy and financial distress companies”. We will exclude indicators for which 
we do not reject H0 from our dataset. 

Using the Mann Whitney U test (also known as the Wilcoxon test) (Mann and Whitney 1947; 
Bauer 1972; Hollander, Wolfe, and Chicken 2013), we test the null hypothesis: “There is no difference 
within the tested financial indicator between financial healthy and financial distress companies”. Mann 
Whitney U test in the R environment using the command: 

𝑤𝑖𝑙𝑐𝑜𝑥. 𝑡𝑒𝑠𝑡(𝑓𝑖𝑛_𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑜𝑟 ~ ℎ𝑒𝑎𝑙𝑡ℎ𝑦_𝑑𝑖𝑠𝑡𝑟𝑒𝑠𝑠, 𝑑𝑎𝑡𝑎) 

The 𝑓𝑖𝑛_𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑜𝑟 parameter represents a column in the data table in which the financial indicator 

is tested; The ℎ𝑒𝑎𝑙𝑡ℎ𝑦_𝑑𝑖𝑠𝑡𝑟𝑒𝑠𝑠 parameter represents a column in the data table that indicates whether it 
is a financial healthy or financial distress company. If the tested indicator shows a 𝑝 −  𝑣𝑎𝑙𝑢𝑒 <  0.05 
within the Mann Whitney U test, then we reject H0 and accept the alternative hypothesis H1: “There is a 
difference within the tested financial indicator between financial healthy and financial distress companies”. 
We will exclude indicators for which we do not reject H0 from our dataset. 

After performing the Li test or Mann Whitney U test, we will remove companies with extreme 
values of financial indicators especially for financial healthy and financial distress companies. First, we 
divide the original data table into 2 tables: ℎ𝑒𝑎𝑙𝑡ℎ𝑦_𝑐𝑜𝑚𝑝𝑎𝑛𝑖𝑒𝑠 and 𝑑𝑖𝑠𝑡𝑟𝑒𝑠𝑠_𝑐𝑜𝑚𝑝𝑎𝑛𝑖𝑒𝑠. We will then 
remove the extreme values from these tables separately for all financial indicators. In the R environment, 
we identify outliers using the command: 

𝑏𝑜𝑥𝑝𝑙𝑜𝑡(ℎ𝑒𝑎𝑙𝑡ℎ𝑦_𝑐𝑜𝑚𝑝𝑎𝑛𝑖𝑒𝑠 $ 𝑓𝑖𝑛_𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑜𝑟)$𝑜𝑢𝑡. 

To identify which of the indicators represent inputs and which outputs to the DEA method, 
we display boxplots and calculate the arithmetic averages of individual indicators separately for financial 
healthy and financial distress companies. Then, we compare the averages within one indicator. If the 
arithmetic average of the monitored indicator will be higher within financial healthy companies than within 
distress companies, then we identify the given indicator as an input within the DEA method; if lower, we 
identify it as output under the DEA method. Subsequently, we will create the tables 𝑖𝑛𝑝𝑢𝑡𝑠_𝑡𝑎𝑏𝑙𝑒 and 

𝑜𝑢𝑡𝑝𝑢𝑡𝑠_𝑡𝑎𝑏𝑙𝑒, in which the indicators will be sorted on the basis of the performed analysis. 

After identifying the inputs and outputs, we perform the DEA method separately for the procedure 
involving the use of Li test and Mann Whitney U test and compare the successes of these models 
determined by the arithmetic mean of 𝑰𝑪𝑪 (Index of Correct Classification) (Mendelová and Bielikova 
2017) for each of the analyzed years, which is calculated as: 

𝐼𝐶𝐶 =
𝑛𝐴 + 𝑛𝐹  

𝑛
 (1) 

where: 
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• 𝑛𝐴 is number of companies in financial distress included in the financial distress zone, 
• 𝑛𝐹 is number of companies in financial health included in the financial health zone, 

• 𝑛 is total number of companies. 

We have decided that the SBM model for the VRS condition (Tone 2001) will be applied to quantify 
the distances of companies from the production possibility curve because it is not necessary to select the 
input or output orientation of the model. 

To preserve the dimensions of the data, each year we selected 100 financial healthy and distress 
companies as input to the DEA method. We execute the DEA model in the R environment using the 
commands included in the package 𝑑𝑒𝑎𝑅 (Tone 2001): 

dea_model = read_data( 
inputs = inputs_table, 
outputs = outputs_table 

) 
 
results = model_sbmeff( 

dea_model, 
orientation = “no”, 
rts = “vrs” 

)  

The 𝑜𝑟𝑖𝑒𝑛𝑡𝑎𝑡𝑖𝑜𝑛 parameter represents a non-priented DEA model and the rts parameter 
determining the type of returns to scale (Suarez 2020). Based on the comparison of the success of DEA 
models, we will subsequently recommend the use of the Li test or the Mann Whitney U test in our 
proposed procedure for selecting indicators that should represent inputs to the DEA method. 

4 Results and discussion 

To test the algorithm for selecting suitable indicators as inputs to the DEA method, we used the 
obtained data on 27 calculated financial indicators for 1,551 companies in the "Information Technology" 
sector in the years 2013 to 2017. After calculating the equity of the next year (ENY) for each of companies, 
we removed multicollinearity from the data, while a total of 16 financial indicators were removed from the 
data. The next step was to identify those indicators within which the values differed statistically 
significantly between financial healthy and financial distress companies. Since we used both the Li test 
and the Mann Whitney U test for this identification, the result part of this work is further divided into 2 
subchapters, each representing the use of just one of these tests. 

4.1 Li test 

Using the Li test, we identified among the eleven financial indicators those, which values 
statistically significantly differ between financial healthy and financial distress companies. 

 

Table 1: Li test – results 

financial indicator Li test p-value 

net debt  < 2.22E-16*** 

gross margin 0.10101 

liabilities / EBITDA < 2.22E-16*** 

total insolvency 0.01010* 

return on long-term capital (EBIT) < 2.22E-16*** 

repayment period of liabilities < 2.22E-16*** 

repayment period of liabilities in relation to 
sales 

< 2.22E-16*** 

repayment period of liabilities of trade 
payables 

0.66667 

effective tax rate < 2.22E-16*** 

coverage of personnel costs and 
depreciation 

< 2.22E-16*** 

surcharge 0.12121 

*** Significant at 𝑝 <  0.001; ** Significant at 𝑝 <  0.01; * Significant at 𝑝 <  0.05 
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Source: Authors’ own calculations. 

 

The results of the Li test for each of the indicators are shown in Table 1. We considered financial 
indicator as suitable, if 𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 0.001. The following 7 financial indicators are suitable according to 
the Li test: 

• net debt; 
• liabilities / EBITDA (earnings before interest, taxes, depreciation and amortization); 
• return on long-term capital (EBIT - earnings before interest and taxes); 
• repayment period of liabilities; 
• repayment period of liabilities in relation to sales; 
• effective tax rate; 
• coverage of personnel costs and depreciation. 

 
Subsequently, we removed companies with extreme values of financial indicators, especially for 

financial healthy and financial distress companies. This removed 800 companies from the dataset, leaving 
751. 

 

Table 2: Li test - means of financial indicators 

financial indicator 
mean -  

fin. healthy 
mean -  

fin. distress 
DEA input/ 

DEA output 

net debt -264 083.90 -36 013.48 output 

liabilities / EBITDA  3.14 8.11 output 

return on long-term capital (EBIT) 0.41 0.13 input 

repayment period of liabilities 161.34 181.22 output 

repayment period of liabilities in relation to 
sales 

70.34 79.91 output 

effective tax rate 0.25 0.20 input 

coverage of personnel costs and 
depreciation 

1.29 1.04 input 

Source: Authors’ own calculations. 

 

Based on the calculated arithmetic means of financial ratios separately for financial healthy and 
financial distress companies, we divided the remaining 7 financial ratios into inputs and outputs to the 
DEA method, as described in the previous chapter and shown in Table 2. Then we used the resulting 
distribution of financial indicators in compiling DEA model for each of the monitored years. 

 

Table 3: Li test - DEA Index of Correct Classification 
 

2013 2014 2015 2016 2017 

ICC 0.7455 0.7364 0.7273 0.7818 0.8182 

Source: Authors’ own calculations. 

 

Table 3 shows the 𝐼𝐶𝐶  values of DEA models in the individual years. The arithmetic mean of these 
values is 0.76184 and represents the average success of the DEA model using the Li test. 

In the next subchapter, we perform the same procedure using the Mann Whitney U test. 

4.2 Mann Whitney U test 

We repeated the methodological procedure in which the Li test was available, with the difference 
that we used the Mann Whitney U test to identify financial indicators which values were statistically 
significantly different between financial healthy and financial distress companies. 
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Table 4: Mann Whitney U test - results 

financial indicator 
Mann 

Whitney U 
test - p-value 

net debt   4.18E-09*** 

gross margin 9.33E-01 

liabilities / EBITDA 1.02E-01 

total insolvency 1.75E-05*** 

return on long-term capital (EBIT) 2.99E-08*** 

repayment period of liabilities 6.79E-03** 

repayment period of liabilities in relation 
to sales 

1.37E-03** 

repayment period of liabilities of trade 
payables 

1.48E-01 

effective tax rate 3.42E-08*** 

coverage of personnel costs and 
depreciation 

4.48E-12*** 

surcharge 7.43E-01 

*** Significant at 𝑝 <  0.001; ** Significant at 𝑝 <  0.01; * Significant at 𝑝 <  0.05 

Source: Authors’ own calculations. 

 

The results of the Mann Whitney U test for each of the indicators are shown in Table 4. We 
considered indicator as suitable, if 𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 0.05. The following 7 financial indicators are suitable 
according to the Mann Whitney U test: 

• net debt; 
• total insolvency; 
• return on long-term capital (EBIT - earnings before interest and taxes); 
• repayment period of liabilities; 
• repayment period of liabilities in relation to sales; 
• effective tax rate; 
• coverage of personnel costs and depreciation. 

 

The indicators selected using the Li test and the Mann Whitney U test differed in only one indicator, 
namely 𝑙𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠/𝐸𝐵𝐼𝑇𝐷𝐴 (for the Li test) and 𝑡𝑜𝑡𝑎𝑙 𝑖𝑛𝑠𝑜𝑙𝑣𝑒𝑛𝑐𝑦 (for the Mann Whitney U test). 

Subsequently, we removed companies with extreme values of financial indicators, especially for 
financial healthy and financial distress companies. This removed 818 companies from the dataset, leaving 
733. 

 

Table 5: Mann Whitney U test - means of financial indicators 

financial indicator 
mean -  

fin. healthy 
mean -  

fin. distress 
DEA input/ 

DEA output 

net debt -255 652.25 -47 589.68 output 

total insolvency 0.91 1.30 output 

return on long-term capital (EBIT) 0.38 0.12 input 

repayment period of liabilities 163.46 182.10 output 

repayment period of liabilities in relation to sales 73.32 85.08 output 

effective tax rate 0.25 0.18 input 

coverage of personnel costs and depreciation 1.27 1.03 input 

Source: Authors’ own calculations. 
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Based on the calculated arithmetic means of financial indicators separately for financial healthy 
and financial distress companies, we divided the remaining 7 financial indicators into inputs and outputs 
to the DEA method as described in the previous chapter and shown in Table 5. We used the resulting 
distribution of financial indicators in compiling DEA model for each of the monitored years. 

 

Table 6: Mann Whitney U test - DEA Index of Correct Classification 

 2013 2014 2015 2016 2017 

ICC 0.7818 0.7636 0.8182 0.8 0.7727 

Source: Authors’ own calculations. 

 

Table 6 shows the 𝐼𝐶𝐶  values of the DEA models for each year. The arithmetic mean of these values 
is 0.78726 and represents the average success of the DEA model using the Mann Whitney U test. 

 

Table 7: Comparison of DEA models’ 𝑰𝑪𝑪 based on Mann Whitney U test and Li test 
 

2013 2014 2015 2016 2017 

Mann Whitney U test - ICC 0.7818 0.7636 0.8182 0.8 0.7727 

Li test - ICC 0.7455 0.7364 0.7273 0.7818 0.8182 

Source: Authors’ own calculations. 

 

Table 7 shows the 𝐼𝐶𝐶  values calculated for DEA models. When comparing them, we found that in 
four of the five years, the DEA model was more successful, in which we used the Mann Whitney U test. 
The average 𝐼𝐶𝐶   value of the DEA model in which we selected the inputs of the Mann Whitney U test is 
0.02542 higher than when using the Li test. 

Based on the results, we recommend using the Mann Whitney U test within our proposed algorithm 
when selecting inputs to the DEA method for assessing the financial health of the company. Due to its 
elaboration and introduction of the procedure in the programming language R, our proposed algorithm 
for selecting inputs to the DEA model can be used in any industry without higher costs. We consider the 
main benefit of the work to be a detailed description of the proposed algorithm and a comparison of the 
success of DEA models, which differed in the method used in the selection of appropriate financial 
indicators. 

5 Conclusion 

The main goal of this work was to provide a detailed guide to selecting appropriate financial 
indicators for the Data Envelopment Analysis model that can be used to evaluate the financial health of 
companies. We performed the whole algorithm in the programming language R. This programming 
language is freely available, which allows companies to use this algorithm for free. 

As part of our work, we tested our proposed algorithm for the "Information Technology" industry 
and compared the success of DEA models, which used the Li test and Mann Whitney U test. Based on 
the results, we recommend the use of the Mann Whitney U test in the selection of financial indicators as 
inputs to the DEA method, due to its higher overall success. 

In the next work we plan to compare the success of financial health prediction of the company DEA 
model, into which inputs were selected based on the algorithm described in this work with the success of 
the neural network model, which will predict based on available financial indicators whether the company 
will be financial healthy or financial distress. 
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