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Abstract: This paper focuses on business financial health evaluation with the use of selected
mathematical and statistical methods. The issue of financial health assessment and prediction of
business failure is a widely discussed topic across various industries in Slovakia and abroad. The aim
of this paper was to formulate a data envelopment analysis (DEA) model and to verify the estimation
accuracy of this model in comparison with the logit model. The research was carried out on a
sample of companies operating in the field of heat supply in Slovakia. For this sample of businesses,
we selected appropriate financial indicators as determinants of bankruptcy. The indicators were
selected using related empirical studies, a univariate logit model, and a correlation matrix. In this
paper, we applied two main models: the BCC DEA model, processed in DEAFrontier software;
and the logit model, processed in Statistica software. We compared the estimation accuracy of the
constructed models using error type I and error type II. The main conclusion of the paper is that the
DEA method is a suitable alternative in assessing the financial health of businesses from the analyzed
sample. In contrast to the logit model, the results of this method are independent of any assumptions.

Keywords: bankruptcy; BCC model; data envelopment analysis; financial health; logit

1. Introduction

Diagnosing the financial health of a company, as well as predicting its failure, is currently a highly
discussed topic. In order to maintain prosperity and competitiveness, it is extremely important for
a company to know the financial situation that it is in. Adequate management decisions cannot be
made without detailed analyses of business financial health. An important prerequisite for effective
decision-making of business owners is a high-quality, comprehensive, and timely diagnosis, supported
by a detailed analysis of adverse phenomena threatening the company’s operations. Based on these
results, management of the company can take effective measures to improve the financial situation.
The results of the analyses are of great importance, not only for business owners and managers, but also
for investors and banks, as they largely determine all their decisions in relation to businesses. A company
that fulfils two basic conditions is considered to be a financially sound and liquid enterprise—it is able to
repay its liabilities in time, while at the same time it is profitable, thus achieving a return on invested
capital. If an enterprise does not meet these two conditions, it is in financial distress that may end in
bankruptcy. In defining the problems that accompany financial distress, some authors tend to focus on
negative operating revenues and problems with cash flow [1–3]. Some other authors focus on problems
with the decline in profits [4–7]. In general, the term financial distress has as a negative connotation
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regarding the financial health of an enterprise that is suffering from a lack of liquidity and inability to
pay its liabilities [8]. At present, there are two major trends in the area of financial distress prediction.
The first trend is aimed at describing a situation in which a company is failing financially by detecting
the symptoms of failure [9–12]. The second trend is to compare the estimation accuracy of individual
prediction models [13,14]. Bankruptcy prediction models are used to detect early signals of significant
bankruptcy risks and to identify companies facing potential bankruptcy [15]. The purpose of these models
is to help businesses find out whether they are in danger of bankruptcy in the near future. They have been
drawn up on the basis of the results of scientific research and are mostly intended for a specific group
of enterprises according to their field of activity. The essence of these models is that businesses were
experiencing anomalies for some time before bankruptcy, and the values of the indicators of prosperous
enterprises differ significantly from those of non-prosperous enterprises. Prediction models can give the
company a certain degree of probability of the occurrence of negative situation. Based on the above, our
study focuses on the estimation accuracy of selected models.

In this paper, we aimed to assess financial health and predict failure of businesses from the Slovak
heat industry by applying the data envelopment analysis (DEA) model. With the use of this model,
we identified businesses on the financial health frontier. Moreover, for businesses that do not lie on this
frontier, we calculated goal values of inputs and outputs to become financially healthy and efficient,
respectively. On the other hand, we also identified businesses threatened with bankruptcy that lie on
the financial distress frontier. We also aimed to verify the results of the DEA model with the use of a
logit model. For this purpose, we determined the estimation accuracy of selected models.

The remainder of the paper is structured as follows. At the end of Section 1, the research problem
and the aim of the paper are formulated. Section 2 is the literature review. This section lists various
methods and models designed to assess business financial health and to detect its failure. A special part
of Section 2 is devoted to the overview of the theoretical knowledge about the DEA method. Section 3
describes the research sample, selection of indicators, and theoretical background of applied models.
The main models used in the paper are the BCC DEA model processed in DEAFrontier software and
the logit model constructed in Statistica software. Section 4 lists the results for the BCC DEA model,
which were verified by applying the logit model. Section 5 includes the discussion, in which the results
achieved in this paper are compared with the results of other studies. This section also summarizes the
essential conclusions resulting from the research and presents the significant findings. The process of
the research is illustrated in Figure 1.

Information 2020, 11, x FOR PEER REVIEW 3 of 20 

 

 

Figure 1. Flowchart of the research. DEA, data envelopment analysis. 

We set the following research question: Is the DEA method a suitable alternative in assessing 
the financial health of businesses from the analyzed sample? 

In accordance with the research problem, we set the following aim of the paper—to verify the 
results of the DEA model with the result of the logit model. 

2. Literature Review 

Nowadays, there are many models, both theoretical and practical, designed to detect problems 
and predict business bankruptcy. Many of these models are based on mathematical and statistical 
methods (mainly regression models and discriminant analysis). Bankruptcy prediction models can 
be divided into three groups [8,16]: statistical models, models using artificial intelligence, and 
theoretical models. Statistical models can be classified into two groups: univariate and multivariate 
models. Multivariate statistical models include multiple discriminant analysis models, linear 
probability, logit models, probit models, and the total cumulative and partial adjustment processes 
[17]. In [18], the authors specifically point to three trends: the transition from univariate analysis of 
variables to multivariate prediction, a shift from classical statistical methods to machine learning 
methods based on artificial intelligence, and more intensive involvement of hybrid and ensemble 
classifiers [19]. 

General progress in technology development has resulted in the emergence of new models, 
including logit and probit analyses and neural networks. At present, however, the trend is to only 
modify the already existing models, which is also confirmed by the fact that no new methodology 
has been proposed in recent decades. The prediction accuracies of different models seem to be 
generally comparable, although artificially intelligent expert system models perform marginally 
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We set the following research question: Is the DEA method a suitable alternative in assessing the
financial health of businesses from the analyzed sample?

In accordance with the research problem, we set the following aim of the paper—to verify the
results of the DEA model with the result of the logit model.

2. Literature Review

Nowadays, there are many models, both theoretical and practical, designed to detect problems and
predict business bankruptcy. Many of these models are based on mathematical and statistical methods
(mainly regression models and discriminant analysis). Bankruptcy prediction models can be divided
into three groups [8,16]: statistical models, models using artificial intelligence, and theoretical models.
Statistical models can be classified into two groups: univariate and multivariate models. Multivariate
statistical models include multiple discriminant analysis models, linear probability, logit models, probit
models, and the total cumulative and partial adjustment processes [17]. In [18], the authors specifically
point to three trends: the transition from univariate analysis of variables to multivariate prediction,
a shift from classical statistical methods to machine learning methods based on artificial intelligence,
and more intensive involvement of hybrid and ensemble classifiers [19].

General progress in technology development has resulted in the emergence of new models,
including logit and probit analyses and neural networks. At present, however, the trend is to only
modify the already existing models, which is also confirmed by the fact that no new methodology has
been proposed in recent decades. The prediction accuracies of different models seem to be generally
comparable, although artificially intelligent expert system models perform marginally better than
statistical and theoretical models. Individually, the use of multiple discriminant analysis (MDA) and
logit models dominates the research [16].

The study by [20] was the first to demonstrate that financial ratios can be useful in the prediction
of an individual firm’s failure. He compiled an extensive database from which he used thirty ratios to
predict future development. The average value of these indicators was compared with the indicators
of companies which later went bankrupt. Beaver pointed out that financial indicators may be useful
in predicting the failure of individual firms [21]. He has also proved that not all financial indicators
can be used for this prediction. This has also been confirmed in practice, where the use of simple
financial indicators have been questioned because of their possible distortion by management decisions.
Therefore, Beaver suggested using a dichotomous classification test [22]. Using this method, multiple
financial indicators with the greatest prediction accuracy are identified. These indicators are used
as one predictor with several degrees of freedom. The essence of this method is to find a linear
combination of characteristics that best distinguishes two groups of businesses, namely those that are
threatened with bankruptcy and non-bankrupt businesses [23]. Univariate analysis was later followed
by multivariate discriminant analysis. In 1968, Altman developed a multiple discriminant analysis
model (MDA) known as the Z-score. Since Altman’s study [24], the number and complexity of these
models has increased significantly. As already mentioned, in the early period of the prediction models,
discrimination analysis was very popular. This method was applied by [20,24–31]. Altman’s original
model required the fulfilment of multinormality, homoskedasticity, and linearity assumptions. These
assumptions were often not met for financial indicators. In the event that any of the variables were
categorical, this method gave distorted results [32]. The main drawback of this method, however,
was that although it is able to identify businesses that are threatened with bankruptcy, it is not able
to estimate the likelihood of this situation occurring. In the conditions of Slovakia and the Czech
Republic, models were formulated that corresponded to the requirements placed on these models.
In 1999, Binkert formulated the MDA model, also called the Binkert model. His sample consisted of
160 enterprises (80 bankruptcies). It is necessary to mention the model of Chrastinová, called the Ch
index (1998), which was processed for agricultural enterprises (1123 enterprises), as well as Gurčík’s
model (2003), the G index, which was designed to predict the financial condition of agricultural
enterprises (60 enterprises). Of the Czech authors, we can mention Neumaierová and Neumaier and
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their models, namely the IN95 creditor model, the IN99 proprietary model (1968 enterprises), the IN01
combined proprietary–creditor model (1915 enterprises), and the IN05 model (1526 enterprises).
In 2008, Růčková formulated the MDA model, also known as the so-called Růčková model. In the area
of banking, Gurný and Gurný (GaG) formulated model I in 2009 and model II in 2009 [8].

Taking into account the shortcomings of methods based on discrimination analysis, the next
step in the theory of bankruptcy prediction was to develop methods and models that would be
able to provide information about the probability of business bankruptcy [33]. This was the reason
why logistic regression began to be preferred. This method is used mainly for models that have a
dichotomous output variable [34]. Compared to methods based on multidimensional discrimination
analysis, logistic regression has several advantages. Compared to discrimination analysis, it has a
higher predictive ability and its application does not require compliance with assumptions that could
limit its usability. The main advantages of logistic regression include unnecessary normal distribution
of independent variables, unnecessary testing of the importance of individual variables prior to the
analysis, as well as non-equality of variance–covariance matrices [35]. This method was first used
to predict the bankruptcy of banks by [36]. The first study to use it in companies was [37]. As a
pioneer in the application of logit analysis, one author disagreed with the application of discrimination
analysis to predict bankruptcy due to the requirement for the same variance–covariance matrix [38].
The logit model provides the ability to model complex relationships between variables, however at
the same time assumes a log–linear relationship between the response variables and the explanatory
variables. Logistic regression is particularly useful when predicting binary outputs based on continuous
independent variables. It should be noted that discrimination analysis may be more useful for small
data, however logistic regression is more appropriate for larger samples [39]. However, even logit
models have their weakness, which is the sensitivity to remote observation.

The probit model is used less often because it is more complicated to calculate [40]. The first
person who used the probit model was [41]. The main difference between logit and probit models
is in their definition of the function f (*). While the logit model uses the cumulative distribution
function of the logistic regression, the probit model uses the cumulative distribution function of the
standard normal distribution. The conclusions of both methods are similar but not identical. While the
logit model is preferred in health sciences, the probit model is preferred by economists and political
scientists. The probit model takes into account the non-standard deviations of errors in more advanced
econometric settings [42]. The advantage of the logit and probit analyses is that their outputs lie
between 1 and 0, and directly indicate the probability of a business failure. The big advantage is that
it is possible to use an artificial variable to express an independent qualitative variable, the value of
which is not continuous but belongs to one of the given categories [3]. In 2014, Altman presented a
new prediction model based on the application of discriminant analysis and 7 modifications of the
logit model. It was confirmed that these models are applicable in Slovakia [43]. However, it should be
pointed out that it is not possible to easily apply models in other countries and different industries.
From the logit models formulated in the Czech Republic, we can mention Jakubík–Teplý model [44].
Its authors applied the data for 757 businesses and achieved an 80.41% success rate. In 2012, [45]
formulated logit model I and logit model II. The logit model proposed by Hurtošová was established in
the Slovak Republic in 2009. Newer logit models include the Gulka model in 2016, the model proposed
by Harumová and Janisová in 2012, and Delina and Packová’s model from 2013 [8].

The last group of methods we deal with in our paper contains mathematical programming methods.
Within the framework of mathematical programming, there is a problem of linear programming, where
the challenge is to find the extreme value of a function. This is a task where the objective function
is linear and the set for which we are looking for extreme values is a system of linear equations [8].
The goal of the linear programming is to find the optimal value, so that all ratios are based on the
optimal solution. This model creates preconditions for economic analyses. In designing the model,
particular attention should be paid to the accuracy of the determination of individual constraints.
The practical solution of a given task should be based on its simplified version. The most widespread
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algorithm for solving linear programming tasks is the simplex method. The authors of [46] or [47]
were the first to apply linear programming to predict financial health. One of the methods based
on mathematical programming is the DEA method [48]. Compared to statistical methods, DEA is a
relatively new, non-parametric method, which represents one of the possible approaches to assessing
the financial health of a businesses and its risk of bankruptcy [49]. This method was first applied in 1978
by [50]. It is based on the idea mentioned in the article “Measuring the Efficiency of Decision Making
Units“, published by [51] in 1957. His work was based on the works of [52] and [53]. In this, [51]
proposed a new approach to efficiency measuring based on a convex efficient frontier and the use
of distance measurement functions between the enterprise of interest and the projected point on the
efficiency frontier. In this way, he proposed a new level of efficiency based on the calculation of two
components of the overall business efficiency: technical efficiency and resource allocation efficiency.
Farrel’s approach is based on measuring the ability of business to transform inputs into outputs and
is, therefore, also called an input-oriented approach. Another study [50] applied a multiplicative
input–output model to measure business efficiency. The approach of these authors represents a
two-step efficiency calculation. The first step is to identify the efficiency frontier, whereby businesses
positioned at this frontier are among the best businesses. The second step is to calculate the efficiency
scores for the analyzed businesses and their distances from the efficiency frontier. DEA models can
be divided into DEA CCR [50] and DEA BCC [54] in terms of whether each input unit produces the
same amount of outputs or variable amounts of outputs. This method was further developed by [55].
The DEA method was also used by [56–67] and many others. The DEA model is often applied in
calculating the efficiency of medical facilities [68–71].

The DEA method was first used to predict bankruptcy by [72], who first compared its results with
the results of Altman’s Z-score. At the time when this model was applied, DEA models had not yet been
applied in the context of bankruptcy prediction. This research has proven to have various application
possibilities. Other authors dealing with the DEA bankruptcy prediction included [73], who used the
DEA radial model to predict bankruptcy and compared its results with discriminant analysis (DA) results.
In the same year, [74] applied an additive and radial model with the use of the peeling technique. This
model achieved 100% success in predicting business bankruptcy. In 2009, [75] used an additive DEA
model and compared its results with the results of logistic regression. The result of this study was a
satisfactory rate of correct prediction of business bankruptcy; less accurate was the prediction rate for
financially healthy businesses. In 2009, [76] applied an additive DEA model to create a financial distress
frontier. The results were then compared with the DEA–DA approach. In 2011, [77] combined the radial
and additive DEA model and created the DEA ranking index. Additionally, [78] applied DEA to predict
the bankruptcy of the sample companies. The result of their study was the summary of indicators that are
suitable as predictors of bankruptcy. In Slovakia, [79] applied the DEA method in 2015 in the field of
agriculture. Among Czech authors, we can mention the model of [80] from the year 2013.

Attention should be drawn to the latest applications of the DEA method. These applications include
the total cost of ownership (TCO) model, based on DEA, which was created by the authors [81]. This
model has proven to be an excellent approximation of the TCO model in the supply management field.
It can be applied in the analysis of a supplier’s performance. In 2019, [82] designed the dynamic network
DEA model for banks, which they used to model the relationships between major financial and accounting
indicators in Middle Eastern and North African (MENA) banks. They pointed out that most of the studies
have focused on the efficiency of a decision making unit (DMU) as a “black box” and that very few
studies have attempted to study the impact of DMU internal activities on the cost efficiency measurement.
A DMU may consist of several sub-structures that may affect the overall efficiency levels differently [82].
Therefore, they applied a network DEA model that overcame this limitation.

Finally, we can mention a large group of methods that use artificial intelligence to predict
the financial situations of businesses. The best known and most commonly used method of the
above-mentioned methods are neural networks, expert systems, self-organizing maps, fuzzy models,
and decision trees. The study by [83] is also very beneficial. This empirical study was devoted to an
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artificial intelligence (AI) approach towards investigating corporate bankruptcy. The author pointed
out that the most powerful applied field of AI is the area of expert systems (ES). In this study, the author
pointed to the application of an ES prototype for valuation of business failure risk and used indicators
of indebtedness and solvency. Other authors who have applied neural networks in their work to
predict bankruptcy include [84–88].

3. Material and Methods

The input database of our research consisted of 343 Slovak companies active in the field of
heat supply. Data for the calculation of financial indicators were obtained from financial statements
for the year 2016, which were provided by the Slovak Analytical Agency CRIF (Central Register of
Information)—Slovak Credit Bureau, Ltd. [89]. The analyzed sector is important both economically
and socially and plays an important role in society and the daily lives of consumers. Businesses
from this sector supply local central heating systems, for which territorial scope and market share are
limited. According to SK NACE Rev. 2 (Slovak Nomenclature des Activités économiques dans les
Communautés Européennes Revision 2), these businesses falls under section D, “Supply of Electricity,
Gas, Steam, and Cold Air”. In the process of our research, we selected 290 businesses from this database
to minimize the impact of extreme values of financial indicators on the results of the applied models.

We focused on developing a specific model that would be suitable for the analyzed industry. Based
on the recommendations of [90], when designing the bankruptcy prediction model, we focused on meeting
the characteristics and legislative adjustments of the country in which the analyzed companies operate.

For our research, we selected the BCC DEA model. This model was first formulated by [54] in 1984.
It was derived from the mathematical programming task and is similar to the CCR model. The difference
between BCC and CCR is that the BCC model assumes variable returns to scale. According to [91], “the
assumption of constant return to scale can be accepted only if the DMUs operate under the condition
of their optimal size. Imperfect competition, financial constraints, control steps, and other factors are
conductive to the fact that DMUs do not operate under their optimal size.” Since we assume that businesses
from the analyzed sample do not operate under their optimal size, we applied the BCC model.

In terms of the model construction, BCC includes an additional convex constraint [92]. The CCR
model measures the overall technical efficiency (TE), which includes both the pure technical efficiency
(PTE) and scale efficiency (SE). On the other hand, the BCC model measures the pure technical efficiency.
The efficiency frontier given by the CCR model is in the form of a convex cone, while the efficiency
frontier given by the BCC model represents the convex hull [93]. Therefore, there is a higher number
of DMUs marked as efficient by the BCC model.

For the construction of the BCC DEA model, we selected nine financial indicators, eight of
which were used by [75]. The first DEA model was aimed at assessing business financial health.
The indicators we applied as inputs were total debt/total assets (TDTA) and current liability/total assets
(CLTA). We also used various outputs: cash flow/total assets (CFTA), net income/total assets (NITA),
working capital/total assets (WCTA), current assets/total assets (CATA), earnings before interest and
taxes/total assets (EBTA), and earnings before interest and taxes/interest expenses (EBIE). The last
output, equity/debt (ED), which was part of the processed models, was applied by [94].

The first model is the primal model (linear programming model). The primal input-oriented BCC
model can be written as follows [54]:

Maximize θ(DMUo) =
∑s

k=1 vk yko + µ,

subjectto
∑s

k=1 vkykj −
∑m

i=1 uixi j + µ ≤ 0, j = 1, 2, ..., n,∑m
i=1 uixio = 1,

vk ≥ ε, k = 1, 2, . . . , s,

ui ≥ ε, i = 1, 2, . . . , m,
µ− free,

(1)
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where θ(DMUo) is an efficiency measure for DMUo; ε is the non-Archimedean infinitesimal value
used for forestalling weights of inputs and outputs from equalling zero; xij, i = 1, 2, . . . , m, j = 1, 2, . . . ;
n is the value of i input for DMUj and ykj, k = 1, 2, . . . , s, j = 1, 2, . . . ; n is the value of k output for
DMUj. The values of inputs and outputs are arranged with matrix notations X and Y, with dimensions
(m, n), respectively (s, n).

One prior study [95] also considers it more advantageous and practical to work with a model that
is a duplicate of the primal BCC model. In this case, the dual problem to (1) has (m + s) constraints and
(n + m + s + 1) variables. Variable λj, j = 1, 2, . . . , n, represents a dual variable assigned to the first
set of constraints of the model (1), θo is the scalar dual variable that is assigned to the next constraint,
and s+i , k = 1, 2, . . . , s, a s−i , i = 1, 2, . . . , m, are slack variables that express input excesses and output
shortfalls. The dual input-oriented model for Equation (1) can be stated as follows:

Minimize θo − ε
(∑m

i=1 s−i +
∑s

k=1 s+k
)

subjectto
∑n

j=1 xi jλ j + s−i = θoxio, i = 1, 2, . . . , m,∑n
j=1 ykjλ j − s+k = yko, k = 1, 2, . . . , s,∑n

j=1 λ j = 1, j = 1, 2, . . . , n

s−i ≥ 0, s+k ≥ 0.

(2)

The DMU is efficient if the values of the objective function and all slacks s−i = 0, s+k = 0 equal
zero, otherwise it is inefficient.

We also present a primal dual model, which is output-oriented. The primal output-oriented BCC
model can be written as:

Minimize φ(DMUo) =
∑m

i=1 uixio + v,

subjectto
∑s

k=1 vkykj −
∑m

i=1 uixi j − v ≤ 0, j = 1, 2, . . . , n,
r∑

k=1
vkyko = 1,

vk ≥ ε, k = 1, 2, . . . , s,

ui ≥ ε, i = 1, 2, . . . , m,

v− free.

(3)

The dual output-oriented model for Equation (3) can be stated as follows:

Maximize φo + ε
(∑m

i=1 s−i +
∑s

k=1 s+k
)

subjectto
∑n

j=1 xi jλ j + s−i = xio, i = 1, 2, . . . , m,∑n
j=1 ykjλ j − s+k = φo yko, k = 1, 2, . . . , s,∑n

j=1 λ j = 1, j = 1, 2, . . . , n

s−i ≥ 0, s+k ≥ 0.

(4)

The efficiency measure in an output-oriented model is the inverse value of the objective function.
An important contribution of DEA models is the determination of the goal values of input x′o and

output y′o of inefficient units, which leads the unit to reach the efficiency frontier. According to [96],
these goal values can be calculated in two ways:

The first method for both input and output-oriented models is as follows in Equation (5):

x′io =
∑n

j=1 xi jλ
∗

j, i = 1, 2, . . . , m,

y′ko =
∑n

j=1 ykjλ
∗

j, k = 1, 2, . . . , s
(5)
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The second method for input-oriented models is as follows in Equation (6):

x′io = θ∗oxio − s∗−i , i = 1, 2, . . . , m,

y′ko = yko + s∗+k , k = 1, 2, . . . , s
(6)

The second method for output-oriented models is shown below in Equation (7):

x′io = xio − s∗−i , i = 1, 2, . . . , m,

y′ko = φ∗o yko +s∗+k , = 1, 2, . . . , s.
(7)

The efficiency measure in an output-oriented model is the inverse value of the objective function.
DEA models were processed in DEAFrontier software, which is a Microsoft® Excel add-in. This

software was developed by American professor Joe Zhu from Foisie Business School, Worcester
Polytechnic Institute.

In order to fulfil the aim of the paper, we compared the results of the BCC model with the results
of the logit model. With this comparison, we wanted to confirm the ability of the DEA model to predict
business failure. For the creation of the logit model we used Statistica software.

The logit model has been used by several authors to predict business failure [75,97–99]. It expresses
the relationship between the dependent variable Y (dichotomous variable) and one or more independent
variables X. The dependent variable yi can take two values: yi = 1 if the probability of bankruptcy occurs
and yi = 0 if the probability of bankruptcy does not occur. Further, we can assume that probability
yi = 1 is given by Pi; and probability yi = 0 is given by 1 − Pi.

In order to specify the dependent variable for the creation of the logit model, we divided
businesses into non-prosperous and prosperous. Similarly to [100], we assumed that the company
is non-prosperous if it does not make a profit (confirmed by [20,24–26]), has a negative net working
capital (confirmed by [7]), and has a negative value of equity. We did not use the third criterion,
negative value of equity, because when selecting samples of 290 businesses we excluded businesses
with negative equity in order to minimize the impact of extreme values on the results of applied models.
Businesses that met all the criteria at the same time were classified as non-prosperous.

When selecting independent variables for the logit model, we applied the procedure of [101].
We gradually tested all nine explanatory variables applied in the BCC model with the use of the
univariate logit model. Variables that showed a relaxed P value ≤ 0.25 were selected as inputs for the
multivariate logit model. In addition to the above-mentioned procedure, we also applied a correlation
matrix. Based on this, we identified a very strong correlation (correlation coefficient higher than 0.7)
between indicators NITA and EBTA. For this reason, we used only one of these indicators in the logit
model. Based on the above-mentioned criteria, we selected the following independent variables for
the logit model: NITA, WCTA, EBIE, ED, and CLTA.

Using logistic transformation, we specified the probability Pi using the following model:
Pi = f (α + βxi), where xi represents selected financial indicators, and α and β are estimated parameters.
Pi is then calculated using the following logistic function (Equation (8)):

Pi =
exp(α+ βxi)

1 + exp(α+ βxi)
=

1
1 + exp(−α− βxi)

, (8)

According to [97,102], the logit model can be written as below (Equation (9)):

logit = ln(
Pi

1− Pi
) = f (α+ βxi), (9)
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The above-mentioned formula represents the logarithm of the odds ratio of the two possible
alternatives (P1, P0). The aim of the logistic regression is to calculate the odds ratio ( Pi

1−Pi
); in this

relationship, ln represents the logit transformation.
Based on the results of the logit model, we can determine whether a business is threatened

with bankruptcy or not. For this purpose, we may use a cut-off score (usually at the level 0.5), with
businesses above this value facing a higher probability of going bankrupt and businesses below this
value facing a lower (or no) probability of going bankrupt. When evaluating business failure, two types
of misclassification can occur. Error type I (false negative rate) arises when the bankrupt company
is classified as non-bankrupt, while error type II (false positive rate) arises when the non-bankrupt
company is classified as bankrupt [97].

4. Results

When analyzing the results of the BCC DEA model, we focused on identifying businesses on
the financial health frontier, whereby their efficiency is equal to 1 and all slacks equal 0. According
to the results, there are 16 businesses that lie on the financial health frontier. These businesses can
be considered as efficient. Table 1 shows the results for BCC model for efficient businesses solved in
DEAFrontier software.

Table 1. Efficient businesses analyzed with the BCC DEA model.

Input-Oriented
BCC Model

DMU Name Efficiency Benchmarks

F34 1.00000 1.000 F34
F40 1.00000 1.000 F40
F89 1.00000 1.000 F89
F91 1.00000 1.000 F91

F101 1.00000 1.000 F101
F120 1.00000 1.000 F120
F132 1.00000 1.000 F132
F139 1.00000 1.000 F139
F147 1.00000 1.000 F147
F156 1.00000 1.000 F156
F161 1.00000 1.000 F161
F236 1.00000 1.000 F236
F250 1.00000 1.000 F250
F254 1.00000 1.000 F254
F269 1.00000 1.000 F269
F288 1.00000 1.000 F288

Source: authors of [103], processed in DEAFrontier software.

When analyzing businesses from the research sample in more details, we can conclude that they
achieve above-average results in terms of their inputs and outputs. Their average profitability (NITA)
is 23%, average cash flow to total assets (CFTA) is 29%, and average working capital to total assets
(WCTA) is 24%.

In addition to efficient businesses, the analysis of the results of the BCC model identified
21 businesses (see Table 2) that lie on financial distress frontier, meaning they are non-prosperous.
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Table 2. Businesses on the financial distress frontier analyzed with the BCC DEA model.

Input-Oriented
BCC Model

DMU Name Efficiency Benchmarks

F23 1.00000 1.000 F23
F33 1.00000 1.000 F33
F41 1.00000 1.000 F41
F88 1.00000 1.000 F88

F106 1.00000 1.000 F106
F107 1.00000 1.000 F107
F136 1.00000 1.000 F136
F137 1.00000 1.000 F137
F140 1.00000 1.000 F140
F165 1.00000 1.000 F165
F169 1.00000 1.000 F169
F173 1.00000 1.000 F173
F179 1.00000 1.000 F179
F212 1.00000 1.000 F212
F215 1.00000 1.000 F215
F221 1.00000 1.000 F221
F227 1.00000 1.000 F227
F231 1.00000 1.000 F231
F238 1.00000 1.000 F238
F261 1.00000 1.000 F261
F271 1.00000 1.000 F271

Source: authors of [103], processed in DEAFrontier software.

The financial distress frontier is formed by businesses that achieve relatively low values for inputs
and at the same time relatively high values for outputs; these are businesses with a high probability of
financial problems in the future. Regarding inputs, average profitability (NITA) is 2.6%, cash flow to
total assets (CFTA) represents 7% and working capital to total assets (WCTA) is −31%. Comparison of
the results of prosperous and non-prosperous businesses is shown in Figure 2.
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Figure 2. Comparison of selected indicators. Abbreviations: cash flow/total assets, CFTA; net
income/total assets, NITA; working capital/total assets, WCTA; current assets/total assets, CATA;
earnings before interest and taxes/total assets, EBTA; earnings before interest and taxes/interest
expenses, EBIE; equity/debt, ED.
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The important output of the BCC DEA model is the proposal of peer units for inefficient businesses.
These businesses are marked F40, F34, F89, F126, F236, and F132. They achieve high values of inputs
and low values of outputs; therefore, they are reference DMUs for non-prosperous businesses (Table 3).

Table 3. Reference DMUs.

BCC DEA Peer Units for DMUs

VRS
DMU No. DMU Name Efficiency

23 F23 1.23075 0.190 F40 0.061 F89 0.748 F126
33 F33 1.14391 0.640 F34 0.201 F40 0.159 F236
41 F41 1.18367 0.181 F40 0.146 F89 0.143 F126 0.530 F288
88 F88 1.15604 0.099 F34 0.211 F40 0.690 F132
106 F106 1.19726 0.122 F40 0.874 F126 0.004 F156
107 F107 1.13749 0.198 F40 0.073 F91 0.730 F132
136 F136 1.06418 0.093 F40 0.022 F236 0.709 F250 0.176 F254
137 F137 1.19797 0.270 F40 0.002 F126 0.728 F132
140 F140 1.10508 0.084 F40 0.177 F126 0.739 F132
165 F165 1.16846 0.143 F40 0.429 F126 0.428 F132
169 F169 1.16080 0.051 F40 0.514 F89 0.436 F126
173 F173 1.14813 0.446 F34 0.238 F40 0.316 F132
179 F179 1.18514 0.142 F40 0.268 F89 0.589 F126
212 F212 1.22325 0.182 F40 0.482 F89 0.336 F126
215 F215 1.11866 0.598 F34 0.159 F40 0.244 F132
221 F221 1.21425 0.134 F40 0.809 F89 0.058 F126
227 F227 1.14343 0.740 F34 0.241 F40 0.020 F132
231 F231 1.18273 0.244 F40 0.160 F126 0.597 F132
238 F238 1.18128 0.112 F40 0.640 F89 0.248 F126
261 F261 1.10447 0.040 F40 0.478 F126 0.482 F132
271 F271 1.24384 0.043 F40 0.956 F89 0.001 F156

Source: authors of [103], processed in DEAFrontier software.

The greatest benefit of the DEA model is the calculation of goal values for inefficient DMUs that
would make them efficient. Figure 3 shows selected inputs (NITA, WCTA) and their goal values for a
group of non-prosperous businesses.
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The goal values calculated in this way can be used as the starting point for the creation of a
financial plan for non-prosperous businesses and compliance with them is a prerequisite for the future
prosperity of these businesses.

To verify the results of the BCC model, we also applied the logit model. This model was formulated
in Statistica using 5 indicators, which were selected according to the procedure described in Data and
Methodology sections. Table 4 provides an estimate of the logit model coefficients. Based on this table,
we can say that the statistically significant independent variables in the logit model are NITA, WCTA,
and EBIE. These variables significantly contribute to the estimation accuracy of the logit model; the
independent variable NITA has the greatest impact on the dependent variable.

Table 4. Logit function coefficients.

Parameter Estimate Standard
Error Wald stat. Lower and Upper

Confidence Limit 95.0% p-Value

Intercept −0.9778 0.77374 1.59710 −2.4943 0.5387 0.206315
NITA −40.9544 12.48770 10.75566 −65.4299 −16.4790 0.001040

WCTA −6.1530 1.89538 10.53842 −9.8679 −2.4381 0.001169
EBIE −1.4028 0.50667 7.66528 −2.3958 −0.4097 0.005629
ED 0.0653 0.13258 0.24270 −0.1945 0.3252 0.622262

CLTA −1.0043 1.58714 0.40041 −4.1150 2.1064 0.526875

Source: authors. Processed in Statistica software.

Figure 4 shows the distribution function of the logit model, which takes values in the range <0.1>

and is symmetrical around the cut-off level 0.5. Businesses above the cut-off level are likely to fail,
while those below the cut-off level are less likely (or not likely) to fail.
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The p-value of the Hosmer–Lemeshow’s goodness of fit test is 0.9428. We do not reject the
null hypothesis and state that there is no significant difference between the actual and predicted
values of the dependent variable; the model is statistically significant and appropriate. The value of
Nagelkerke’s R square is 0.6154, which means that the model explains 61.54% of the variability of the
binary dependent variable.
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To verify the estimation accuracy of the logit model, we chose the area under the curve
(AUC) method, which measures the area under the receiver operating characteristic (ROC) curve.
The AUC accounts for 0.9579; based on this, we can conclude that the logit model has very good
estimation accuracy.

Based on the results presented in Table 5, the logit model correctly classified companies as
non-prosperous or prosperous in 275 cases. This means that the model classified 265 businesses as
prosperous, and based on the established criteria these businesses were actually considered prosperous.
The model also classed 10 businesses as non-prosperous, whereby these businesses were actually
considered non-prosperous. The model incorrectly classified 15 businesses. The estimation accuracy of
the logit model is 45% for non-prosperous businesses and 99% for prosperous businesses.

Table 5. Estimation accuracy of the logit model, with a cut-off point equal to 0.5.

Predicted Value: Non-prosperous
Correct Percentage

Yes No

Observed value: Non-prosperous Yes 10 12 45

No 3 265 99

Source: authors. Processed in Statistica software.

Managerial Implications

This paper presents an empirical study on the application of the DEA method in the financial
health evaluation of businesses from the Slovak heat industry. This empirical study contributes to the
improvement of the financial health of these businesses by creating a suitable and easily applicable
tool for financial health evaluation, as well as suggestions for improvement. It proposes goal values of
inputs and outputs that determine the financial health of the analyzed sample. As DEA is a method
that is not applied or is rarely applied in the management of Slovak companies, the findings of this
study are expected to be very useful for managers and academics. From a theoretical point of view,
the study offers and tests a dual DEA model for business financial health evaluation. It provides
researchers and academics with a framework for examining factors that are important for the financial
health of the company. It makes it possible to identify businesses that lie on financial health frontier as
a pattern for other businesses. It is an excellent benchmarking tool to help businesses that do not lie
on the financial health frontier to approach or even to reach it. Practical implementation of the DEA
method is simple, thanks to the possibility of using MS Office, along with several software products
that are processed for this area.

The application of the DEA method to the management of a company:

� is significant for managing its efficiency as a part of operational management;
� is an important part of its strategic management and a prerequisite for future growth, prosperity,

and competitiveness;
� identifies key efficiency indicators;
� allows the use of multiple inputs and outputs;
� is characterized by good data availability;
� creates a benchmarking tool for comparing businesses and entire networks;
� allows businesses to be ranked;
� provides peer units and goal values;
� allows lessons to be learned from successful businesses;
� is easily applicable in practice.
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5. Discussion

The results of the estimation accuracy for the DEA model are shown in Table 6. The estimation
accuracy of the BCC model for non-prosperous businesses (sensitivity) is 41%. The estimation accuracy
of this model for prosperous businesses (specificity) is 96%.

Table 6. Comparison of the estimation accuracy of the BCC model and the logit model.

Parameter BCC Model Logit Model

Sensitivity (%) 41 45
Specificity (%) 96 99

Overall estimation accuracy (%) 91 95
Error type 1 (%) 59 55
Error type II (%) 4 1

Results of the estimation accuracy achieved in our research can be compared with the results of
previous studies. In one such study [104], the estimation accuracy for companies in financial distress
was 24%, while the estimation accuracy of financially healthy businesses was 96.7%. There were also
studies in which the classification ability of the DEA model for non-prosperous businesses was higher,
such as [98], with classification ability of 10–42.86%; the work by [75], with classification ability of
84.89%; or the research by [73], who achieved classification ability of 74.4–75.7%.

In our research, we achieved 91% overall estimation accuracy of DEA model. In the studies by
the above-mentioned authors, we can find similar or lower results for overall estimation accuracy of
75–77% [75], 88–95% [98], and 85.1–86.4% [73].

We examined the probability of bankruptcy using the DEA and logit models. According
to [105,106], the above performance measures (accuracy, sensitivity, and specificity) depend on a
certain cut-off value to label the class, which is generally set at 0.5. Therefore, we did not use them
for the comparison of the results of the DEA and logit models. Instead, we applied a non-parametric
Kolmogorov–Smirnov test to establish whether failed estimates from DEA and logit models differed
significantly or not. The critical value is 0.08, which is less than the D-statistic value of 0.149466
(p-value = 0.001). Based on these results, we reject the null hypothesis of “no difference” or “same
distribution”. The Kolmogorov–Smirnov test also reports that failure estimates are unlikely to come
from the same distribution. We can conclude that each of these methods provides different and specific
results. However, we consider the results of the DEA to be unique and will deal with them in more
detail in further research.

Compared to statistical approaches, DEA has exceptional features; it does not need to meet certain
statistical assumptions about the variables used in the model, it enables the processing of various
inputs and outputs, quantifies the efficiency of each company separately, and determines the level of its
efficiency in the form of a score. The great benefit of the DEA method is that it gives an answer to the
question of how inefficient businesses can become inefficient. In this regard, DEA allows us to set goal
values for inputs and outputs for inefficient businesses to become efficient and assigns businesses their
peer units. Equally, this method does not consider initial conditions for non-prosperous businesses,
rather its results are based on the achieved values of financial indicators, so they are independent of
any assumptions.

The DEA model and the financial distress frontier are based on extreme values. This frontier
captures only a small number of businesses. The disadvantages of the DEA model can be overcome by
the application of a multistep DEA model, with the gradual elimination of businesses lying on the
financial distress frontier. Another way of eliminating the problems arising from the application of the
DEA model is to link the use of the financial health frontier and financial distress frontier, as well as to
combine the DEA method with other prediction techniques, such as logistic regression.

Many researchers find the DEA model computationally difficult, however the availability of
software solutions removes this problem. The challenge of the application of DEA models also relates
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to the selection of inputs and outputs. The discussions around the challenges of the DEA model imply
that it is not clear yet whether these indicators should be absolute, relative, or combined. It is also
necessary to perform a correlation analysis before the analysis itself in order to remove unnecessary
redundancy in the variables. A significant problem with financial indicators is their negative value,
which is not an unusual phenomenon in the case of profitability. When working with negative values,
DEA models require a special approach or the application of an additive model.

6. Conclusions

Based on the research carried out in this paper, we can conclude that the DEA method is a suitable
alternative for assessing the financial health of businesses from analyzed samples. Despite the fact
that the logit model achieved higher estimation accuracy than the DEA model, it can only assess the
probability that the company is financially healthy or that it fails. The important benefit of the DEA
model is the frontier analysis. This allows us to identify financially healthy businesses that lie on
the financial health frontier. These businesses represent patterns (peer units) from which the other
businesses should learn. In this paper, we proposed peer units for inefficient businesses and also
calculated goal values of individual inputs and outputs, which inefficient businesses should use in
order to become efficient. Within the frontier analysis, we also identified businesses that are threatened
by bankruptcy.

The BCC DEA model applied in this paper has relatively lower estimation accuracy for
non-prosperous companies. However, the model has high estimation accuracy for prosperous
companies. This can greatly influence the practical use of the DEA model. The low estimation accuracy
of the DEA model in assessing the probability of bankruptcy is due to the fact that the DEA model and
the financial distress frontier are based on extreme values. This limitation can be overcome by focusing
on better preparation of inputs and outputs and by testing the selection of indicators to predict business
failure, which will enter the DEA model. In our research, we tested variables used by [75]. Our future
research will focus on the selection of a different set of indicators and their subsequent testing and
comparison with the already implemented models. We will also pay more attention to selecting an
appropriate database and to eliminating the effects of extreme values.
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15. Bešlić, D.; Jakšić, D.; Bešlić, I.; Andrić, M. Insolvency prediction model of the company: The case of the

Republic of Serbia. Econ. Res. -Ekon. Istraživanja 2018, 31, 139–157. [CrossRef]
16. Aziz, M.A.; Dar, H.A. Predicting corporate bankruptcy: Where we stand? Corp. Gov. 2006, 6, 18–33.

[CrossRef]
17. Araghi, K.; Makvandi, S. Evaluating Predictive power of Data Envelopment Analysis Technique Compared

with logit and probit Models in Predicting Corporate Bankruptcy. Aust. J. Bus. Manag. Res. 2012, 2,
pp. 38–46. Available online: https://pdfs.semanticscholar.org/8f45/3a426e86abf328e836bfbc9216eff2dac75d.
pdf (accessed on 10 January 2019).

18. Sun, J.; Li, H.; Huang, Q.H.; He, K.Y. Predicting Financial Distress and Corporate Failure: A Review from the
State-of-the-art Definitions, Modeling, Sampling, and Featuring Approaches. Knowl.-Based Syst. 2014, 57,
41–56. [CrossRef]
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92. Kočišová, K. Aplikácia DEA modelov pri analýze technickej efektívnosti pobočiek komerčnej banky.

Ekonomický Časopis 2012, 60, 169–186.
93. Barišic, P.; Cvetkoska, V. Analyzing the Efficiency of Travel and Tourism in the European Union. In Advances

in Operational Research in the Balkans, Proceedings of the 13th Balkan Conference on Operational Research,
Belgrade, Serbia, 25–28 May 2018; Mladenovic, N., Sifaleras, A., Kuxmanovic, M., Eds.; Elsevier: Amsterdam,
the Netherlands, 2020; pp. 167–186.

94. Altman, E.I. Corporate Financial Distress. A Complete Guide to Predicting, Avoiding, and Dealing with Bankruptcy;
Wiley Interscience, John Wiley and Sons: Hoboken, NJ, USA, 1983.
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