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Abstract. The article presents the concept of environmental efficiency analysis based on the method
of Data Envelopment Analysis in the case of the existence of desirable and undesirable results.
Theoretical considerations are illustrated by a case study of European countries and evaluation of
productivity taking into account not only economic growth but also effects which are undesirable
and impossible to eliminate entirely, such as the impact on the environment. The differences in
the results are explained by the relationship between policies aiming at supporting research and
development with the use of the Tobit regression model. The added value of this work is to propose
an integration of environmental DEA method with the concept of technological competitors. The
possibility of applying the concept of DEA to technological competition was presented in the form
of classification and benchmarking of the European countries. It is concluded that European countries are highly diversified in regard to the efficiency of environmental performance.
Keywords: environmental performance, data envelopment analysis (DEA), undesirable outputs,
efficiency, Tobit regression, benchmarking.
JEL Classification: C44, O44.

Introduction
In the last few decades the awareness of the negative impact of economic development
on the environment has led to a considerable amount of research on the issue concerning
measurement of sustainable development. From the political and economic point of view,
a perfect indicator (or a number of indicators) of sustainable development should make it
possible not only to make objective comparisons but also to assess the influence of different
types of regulations, e.g. taxes, pollution standards, permits Tyteca (1996).
From a wide range of different methods of constructing environmental performance
indicators (EPIs), environmental DEA method – an expanded version of Data Envelopment
Analysis (DEA), has gained popularity and recognition in recent years (Zhou et al. 2008b).
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The concept of environmental DEA was introduced by Färe et al. (1989). They developed and implemented a performance index based on the DEA method that allows the
multilateral productivity comparison of units producing multiple outputs, some of which
are undesirable. Later, Callens and Tyteca (1999) proposed indicators to measure sustainable development based on the DEA frontier concept. In their work, the economic, social
and environmental efficiency was indicated as indispensable to assess sustainable development. One of the recent positions among theoretical publications is Guo and Wu (2013)
who extend the DEA model to incorporate undesirable outputs (like pollution) in order to
construct a unique ranking based on “the optimal shadow prices” when analyzing the units
that get the same efficiency score in the traditional DEA model. Sueyoshi and Yuan (2015)
in turn, suggested the solution to the problem of zeros and negative values in the data set
during the assessment of the environmental efficiency with use of DEA.
Throughout the application works, environmental DEA method was used to assess the
environmental performance of units of different scale: regions, countries, provinces, sectors, and firms. Especially many publications have been dedicated to the assessment of
the situation in China. The quickly developing Chinese economy is also highly energy
consuming and highly polluting. Globally, China emits the most of carbon dioxide (CO2)
and sulfur dioxide (SO2) (EPA 2014).
Meng et al. (2013) presented a static and a dynamic non-radial DEA environmental
performance indicator for measuring the environmental performance of the industrial sectors in China during the period of 1998–2009. The presented approach was tested on the
basis of two inputs: industrial labour force and energy consumption, one desired output:
industrial value added, and undesirable outputs: industrial CO2, waste gas, waste water and
solid waste. The analysis allowed to conclude that there was an improvement in environmental performance.
The energy efficiency of the China’s 36 industrial sectors was also analyzed by Li and
Shi (2014). They regressed efficiency obtained using the slack-based super efficiency DEA
model against possible influencing factors such as government regulations, technology innovations, industry structure and energy consumption.
Lin and Fei (2015) concentrate on differences only in the agricultural sector and evaluate environmental performance in 2003–2010 of provinces by DEA with the use of the
Malmquist index and Theil index methodology.
Conclusions indicating the improvement in environmental efficiency were also derived
from (Yang et al. 2015) research. The super-efficiency model was employed to assess the
situation in the provinces in China during the period from 2000 to 2010. The data used in
the study included labour, capital investment, energy consumption, CO2 and SO2 emissions
as input and GDP as the output. The analysis revealed that although the regional environmental efficiency in China generally experienced improvements during the studied period
there were regional disparities.
Meta-frontier and DEA (Wang et al. 2015) were used to investigate the efficiency of
environmental protection mechanisms and economic development of over two hundred
cities in China. Meta-frontier was obtained by enveloping groups of cities with different
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production technologies. Environmental efficiency was calculated using the variable returns
to scale DEA model. The main conclusion is that the overall environmental efficiency of
Chinese cities is low when the most advanced production technology is taken as the reference frontier technology. The differences in environmental efficiency between frontiers
(meta and groups) allow to evaluate the heterogeneity of production technologies.
Similar methodology (Li, Wang 2014) was used to assess 95 countries classified into
four groups with respect to technology.
Going back to China, Wang et al. (2013) analyzed the total-factor energy and environmental efficiency of the administrative regions of China from 2000 to 2008. This paper
utilized the DEA model with desirable and undesirable outputs and DEA window analysis
to measure the changes in time. According to their work, the eastern regions in China perform better than the central and western ones and the overall efficiency of China slightly
increased in the analyzed period.
Wu et al. (2012) proposed several environmental DEA models to measure energy efficiency performance for provinces in China from 1997 to 2008 and divided the estimated
index into components. The analyzed examples show the potential improvement in the
reduction of energy consumption and the positive impact of technological improvement
on energy efficiency.
With regard to the works comparing the environmental efficiency of different countries
with the use of DEA, such analyses were performed inter alia by Zaim and Taskin (2000),
Färe et al. (2004), Zhou et al. (2007), Lozano and Gutiérrez (2008) or Zhou et al. (2012).
Zaim and Taskin (2000) applied the environmental production frontier methodology
to compare 25 OECD countries in regard to environmental efficiency from 1980 to 1990.
They took into account real GDP (as the desirable output), CO2 (as the undesirable output)
as well as total employment and total capital stock (as the inputs).
Färe et al. (2004) provided the index of environmental performance that could be calculated using DEA linear programing and applied the proposed approach to a sample of
OECD countries in 1990.
Zhou et al. (2007) used a non-radial DEA model with a greater discriminatory power
than the radial ones and modelled the environmental performance of 26 OECD countries
in the period of 1995–1997. Based on the rankings of the efficiency of the transformation
of workforce and energy into GDP, taking into account undesirable products such as: CO2,
SOx, NOx and CO, it was noted that countries experienced improvement in environmental
performance.
Lozano and Gutiérrez (2008) proposed several non-parametric frontier approaches
based on the DEA to model the relationships between the population, energy consumption,
greenhouse gases emission, and GDP. The data sample consisted of most of the countries
that are listed in the Kyoto Protocol.
Zhou et al. (2012) analyzed the production efficiency of counties’ electricity generation
with the use of a non-radial directional distance function. They took into account fossil
fuel consumption as input, the electricity generated by fossil-fuel power plants as desirable
output and the total CO2 emissions from these plants as undesirable output in the year
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2005. They analyzed 126 countries classified into two groups: without combined heat and
power plants (mainly non-OECD countries) and with such plants (mainly OECD countries). According to their work OECD countries had better carbon emission performance
and integrated energy-carbon performance than non-OECD countries in electricity generation, while the differences in energy performance were not significant.
Some studies in literature expanded the analysis from a cross-country case to crossregion benchmarking. For instance, Zhou et al. (2008a) applied the environmental DEA
to investigate the performances of 8 world regions. They measured and discussed environmental performance assessed by different environmental DEA models with regards to
returns to scale: non-increasing and variant. They considered total energy consumption,
GDP and CO2 in 2002.
Measuring the environmental efficiency of individual companies is limited by the availability of data which the companies share with reluctance. Because of that the majority of
works evaluate electricity generation plants or electricity distribution utilities. Moreover,
in most of the works, traditional, classic DEA models were used (Zhou et al. 2008b). The
possibilities of applying the DEA environmental concept were presented for example by
Färe et al. (1996) who applied EPIs for the United States fossil-fuel electric utilities. The
considered input variables were: installed generating capacity (that represented capital),
employment and three categories of fuel (coal, oil and gas), annual production of electricity
and annual emissions of SO2, NOx and CO2.
Sueyoshi et al. (2010) analyzed operational efficiency, environmental efficiency and unified efficiency of the United States coal-fired power plants with the use of non-radial DEA.
The data used as input included: the number of employees, investment costs, total non-fuel
operating and maintenance expenditures and fuel consumption. The desirable and undesirable outputs were respectively: GWh, the total amount of SO2, NOx and CO2.
Many researchers undertook the evaluation of the efficiency of the sectors of the economy. Makridou et al. (2016) concentrated on the most energy intensive sectors in EU
countries. The methodology used was DEA combined with Malmquist index to analyze
the trends in time and multilevel linear regression to detect the most significant factors
affecting the estimated efficiency. Positive conclusions of the increase in overall efficiency
were derived from the analysis.
DEA EPIs allowed (Baležentis et al. 2016) to group the Lithuanian economic sectors
in terms of EPIs and growth rate. EPIs were assessed on the basis of gross value added,
worked hours, capital stock and CO2, N2O emissions. As expected, the most inefficient
sectors turned out to be petroleum production and air transport.
It is also worth to mention an interesting work that is a survey of DEA applications in
energy and environmental studies from the period of 1983–2006 (Zhou et al. 2008b). The
authors presented the most popular DEA methodology and classified 100 publications on
the topic.
This article presents the environmental concept of productivity analysis, based on Data
Envelopment Analysis that takes into account the desirable and undesirable outputs of
development in order to assess the performance of European countries. In Europe, there
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is a strong tendency to centrally deploy various kinds of arrangements restricting the currently used technologies and to promote the others. There is a constant emphasis on the
need for sustainable development, investment in innovative technologies by continuous
and increased spending on research and development (R&D). Firstly, the differences and
similarities between countries were presented. Then, using traditional and environmental
DEA method, the authors evaluated the productivity of European countries. The obtained
EPIs were regressed against R&D expenses to test the relationship between them. Finally,
the possibility of applying the concept of DEA technological competition was presented for
the classification and benchmarking of countries.

1. Framework of environmental Data Envelopment Analysis technology
Data Envelopment Analysis (DEA), initially proposed by Charnes et al. (1978), is a wellestablished method for measuring the relative efficiency of a set of homogeneous decision
making units (DMUs). Basic DEA allows to evaluate systems with multiple inputs and outputs. It provides a synthetic indicator that takes into account the strengths of each analyzed
unit. The idea of DEA is presented in Figure 1.
Since its introduction, DEA models were modified, altered and supplemented. One of
the most important development was the possibility to accommodate the non-controllable,
non-discretionary factors in the DEA, which affect the efficiency but are not subject to
control or management (Fig. 2).
There have also been developed DEA models that deal with the undesirable but unavoidable weak disposable outputs, and accommodate such variables in the analysis (Fig. 3).
Such models are applied in the construction of EPIs.
Inputs

Inputs

Outputs

Processes
Efficiency

Non-comtrollablie factors
Efficiency

Fig. 1. The idea of the DEA

Inputs

Processes

Fig. 2. The idea of the DEA with
non-controllable factors

Processes

Desirable outputs
Undesirable outputs

Non-comtrollablie factors
Efficiency

Fig. 3. The idea of the DEA with non-controllable factors and undesirable outputs

Outputs
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Mathematically, the idea of DEA is that for each DMU, using linear programming techniques, such weights’ combination is sought so as to maximize the ratio of the weighted
sum of outputs and inputs:
N
v y
∑
n n n
;
(1)
max M
∑ um xm
N

m

∑ n vn y n
M
∑ m um xm

≤ 1;

um ≥0, vn ≥0,
where: xm – m-th input; yn – n-th output; um – weight of the input xm; vn – weight of the
output yn; M – number of inputs; N – number of outputs.
For the efﬁcient units that value is 1. If there is no such weights’ combination where the
quotient (1) assumes the value 1, the unit is non-efﬁcient.
The basic input-oriented radial DEA model (CCR-I DEA) for evaluating efficiency of
DMUO may be described as Cooper et al. (2007):
I

min q;

∑λi xim ≤ θxOm ,
i =1
I

∑λi yin ≥ yOn ,

(2)

m = 1,…, M ;

n=
1,…, N ;

i =1

λi ≥ 0, i = 1,…, I ,
where:
Xi = (xi1, xi2, xi3, …, xiM) – input vector;
Yi= (yi1, yi2, yi3, …, yiN) – output vector;
li – vector of weights specifying the intensity of the use of reference objects’ technologies in optimal i-th DMU’s technology;
n = 1, 2, …, N – number of outputs;
m = 1, 2, …, M – number of inputs;
i = 1, 2, …, I – number of DMUs;
q – efficiency ratio taking values in the range <0.1>; 1 for fully efficient DMUs. The larger q is, the better efficiency DMU has.

The idea of DEA in simple cases of limited number of inputs and outputs can be presented and solved graphically. Fully efficient units create an efficiency frontier. The possibility of improving the efficiency of inefficient units is determined by referencing their results
to the efficient frontier. The case involving one input and two outputs is shown in Figure 4.
Units A, B and C have the same input value but different output values. Units A and C create the frontier that limits the production capability of a region. Inefficient unit B can be
evaluated by referring to the points on frontier surface – e.g. B’ or B’’. The movement to B’
can be achieved by proportionally increasing both outputs and keeping the status quo for
the input, while the movement to B’’ – by reducing the input and keeping constant outputs.
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There is a variety of possible ways to adjust the DEA to accommodate non-controllable
factors. One of the most popular is the two stage approach involving solving the DEA
model in the first step and then correcting the results through the use of the coefficients
of a regression model. Among regression models, the Tobit model that can account for
truncated data can be recommended. The Tobit model, introduced by Tobin (1958), assumes that the dependent variable has its value censored. The idea of Tobit regression is
presented in Figure 5.
The standard Tobit model for the latent, unobserved variable – yi* , that linearly depends on the vector xi and the observed non-negative variable yi can be expressed as:

(

)

 y * if yi* > 0
yi =  i
,
*
 0 if yi ≤ 0

(3)

where: yi* = βxi + εi ; εi ~ n 0, σ2 .
The Tobit model is estimated via maximum likelihood.
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596

E. Chodakowska, J. Nazarko. Environmental DEA method for assessing productivity ...

To measure the environmental performance through DEA, the concept of environmental DEA technology, originally suggested by Färe et al. (1989), can be used. As regards
technology all outputs are classified into desirable and undesirable outputs. The following
two assumptions are adopted: outputs are weakly disposable and desirable outputs and
undesirable outputs are null-joint. This implies that only the proportional reduction in
desirable and undesirable outputs is feasible. It is not possible to reduce solely undesirable
outputs. Moreover, undesirable outputs constitute integrated elements of the production
process and they must be produced while producing the desirable outputs. The only way to
eliminate all the undesirable outputs is to end the production process (Meng et al. 2013).
The DEA Radial Environmental Index (REI) model for measuring the environmental productivity of DMUo can be written as (Meng et al. 2013):
REI ( XO ,YO , Q=
O ) min θ ;

(4)

I

1,…, M ;
∑λi xim ≤ xOm , m =
i =1
I

1,…, N ;
∑λi yin ≥ yOn , n =
i =1
I

∑λi qij ≤ θqOj , j =

1,…, J ;

i =1

λi ≥ 0, i = 1,…, I ,
where:
Xi = (xi1, xi2, xi3, …, xiM) – input vector,
Yi = (yi1, yi2, yi3, …, yiN) – desirable output vector,
Qi = (qi1, qi2, qi3, …, qiJ) – undesirable output vector,
li – vector of weights specifying the intensity of the use of reference
objects’ technologies in optimal i-th DMU’s technology.

If a specific DMU has a larger REI, it has better environmental performance (Zhou et al.
2008a).
Figure 6 illustrates a simple case with one desirable output, one undesirable output, and
one input. DMUs A and E use the identical value of input to produce the same amount of
desirable output but have a different undesirable output value, which is the result of their
technologies. DMU A used a less polluting, environmentally high-level technology.
Figure 6 also illustrates the difference between strong and weak disposability in case of
a few DMSs: All DMUs use equal input to produce the desirable and undesirable outputs.
Assuming strong disposability of undesirable outputs, the reference output set is the region
bounded by FBCD. Weak disposability of the undesirable outputs changes the outputs set
to ABCD. There is also a possibility to distinguish the various levels of disposability among
undesirable outputs. Such suggestion could be found inter alia in (Yang, Pollitt 2010).
In this article, in order to evaluate the environmental performance of European countries, the steps presented in the schema in Figure 7 were implemented. All calculations,
except the estimations of Tobit regression parameters, were made in Microsoft Excel, Solver
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add-in and automating work using VBA. The Tobit model statistic was estimated using
EasyReg (by H. J. Bierens 2015).
The initial, preparatory work included DMUs identification, selection of the evaluation
criteria, and the collection of the values of variables. Usually, selection of variables is the
most essential but, at the same time, the most difficult aspect of DEA analysis (Nazarko,
Šaparauskas 2014). The next step involved the performance assessment of the chosen European countries using the traditional or/and environmental DEA technology. Then rankings, were built according to the criteria, and relevant target values and peers were defined.
Benchmarking can be developed to compare objects on the basis of optimal technology
that consists of fully efficient units, characteristic of the DEA model or using the concept
of technological competitions. The next stage of the analysis was the consideration of the
existence of non-controllable factors affecting DEA scores and the effect of regression upon
the efficiency estimation. The resulting interpretation along with conclusions and proposals
for further consideration concluded the study. The proposed framework is universal and
can be seen as a general way to obtain DEA EPIs.

2. Data
In this paper the DEA concept of environmental performance was used to asses 24 European countries beginning from the year 2013. On the basis of the justifications contained in
the literature, labour force (population aged 15 to 64 – LF) and primary energy consumption (million tonnes oil equivalent – PEC) were employed as two inputs for the research.
Gross domestic product at market prices (GDP) was the only desirable output. Carbon
dioxide emissions (CO2) were chosen as an undesirable output. The data on LF and GDP
was collected from Eurostat (Eurostat 2014), the recent data on PEC and CO2 came from
the BP Statistical Review of World Energy 2014 (BP Statistical Review of World Energy
2014). The selected countries are listed in Table 4. The data is shown on Figures 8 and 9
and the descriptive statistics of the variables analyzed are presented in Table 1.

34631–420770
420770–806908
806908–1193046
1193046–1579185
1579185–1965323
1965323–2351462
2351462–2737600

1983–9406
9406–16828
16828–24250
24250–31672
31672–39094
39094–46516
46516–53938

LF

GDP

Fig. 8. Labour force in thousands and GDP in market price in millions of euro
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5–51
51–97
97–143
143–188
188–234
234–279
279–326

14–133
133–251
251–370
370–488
488–606
606–725
725–843

CO₂

PEC

Fig. 9. PEC in million tonnes of oil equivalent and CO2 in million tonnes
Table 1. Descriptive statistics of research sample
Variable

Unit

Mean

Max

Min

Std. err.

Thousand

15962.83

53937.50

1983.6

16462.71

Million tonnes
oil equivalent

76.68

325.02

5.67

81.33

34631.2

712136.9

14.81

198.29

Labour force (LF)
Primary energy consumption (PEC)
Gross domestic product (GDP)

Million euro

598847.4 2737600.0

Million tonnes
carbon dioxide

CO2 emissions (CO2)

176.86

842.82

European countries generally can be divided into two groups in terms of the selected
characteristics (LF, GDP, PEC, CO2). This confirms the k-means analysis performed with
the use of the Statistica application. The first group consists of countries with the highest
value of GDP, CO2 and PEC: Germany, France, United Kingdom and Italy. The others form
the second group. The average values in the two groups are shown in Table 2. Later, the
compliance of the groups obtained by k-means with the ones on the basis of DEA will be
discussed.
Moreover, as can be seen, the high value of LF is connected to the high value of PEC
and generates not only high GDP but also CO2. The linear relationships between these
variables, measured by correlation coefficients, are shown in Table 3.
Table 2. Average values in the groups
Variable

Group 1

Table 3. Correlation coefficients

Group 2

GDP

LF

43485

10458

LF

GDP

2064144

305788

GDP

PEC

233

45

PEC

CO2

531

106

0.847

PEC

CO2

0.908

0.914

0.974

0.921
0.962
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There are high correlation coefficients between all variables. There is no possibility
to have high GDP without consuming energy and without CO2 emission. Thus, the assumptions on null-joint and weakly disposable outputs are met.

3. Research results
Scores in expressed in percents for 24 European countries, estimated with the use of the environmental DEA methodology, are presented in Table 4. The environmental DEA method
was compared with the classical DEA model, taking 3 inputs: LF, PEC, CO2. The DEA with
3 inputs considers CO2 emission as a necessary input to obtain GDP and an assumption
of strong disposability of it.
When comparing the environmental DEA scores with the results of the basic DEA
model, taking C02 as the third input, a strong relationship was noted. The Pearson correlation coefficient between the rankings is 0.909. However, environmental DEA evaluates
countries more severely in terms of CO2 emissions.
Table 4. Productivity of European countries estimated by DEA
Unit

The 2-letter codes Environmental DEA

λSwitzerland

DEA with 3 inputs

Austria
Belgium
Bulgaria
Czech Republic
Denmark

AT
BE
BG
CZ
DK

40.2%
24.3%
8.7%
12.4%
50.6%

0.639
0.782
0.082
0.305
0.508

60.20%
52.90%
14.40%
22.90%
84.90%

Finland
France
Germany
Greece
Hungary
Ireland
Italy
Lithuania
Netherlands
Norway
Poland
Portugal
Romania
Slovakia
Spain
Sweden
Switzerland
Turkey
United
Kingdom

FI
FR
DE
GR
HU
IE
IT
LT
NL
NO
PL
PT
RO
SK
ES
SE
CH
TR

36.6%
48.4%
29.4%
20.9%
18.9%
42.0%
36.9%
21.2%
22.9%
100.0%
10.7%
28.7%
16.9%
18.8%
32.6%
72.1%
100.0%
17.0%

0.395
4.207
5.591
0.372
0.200
0.335
3.186
0.071
1.231
0.000
0.796
0.338
0.290
0.147
2.089
0.859
1.000
1.262

57.50%
56.00%
55.30%
41.20%
29.50%
75.70%
60.50%
37.60%
56.00%
100.00%
24.00%
42.90%
26.50%
26.80%
47.10%
74.20%
100.00%
31.00%

GB

33.5%

3.878

58.50%
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Analyzing the relationship between the productivity and the variables, it can be noticed
that it is not strongly correlated with any variable. However, there is a linear relationship
between the calculated productivity and the GDP per CO2, LF, and PEC. The correlation
coefficients between productivity and selected variables are shown in Table 5.
Table 5. Correlation Coefficient
LF

–0.169

GDP

0.100

PEC

–0.027

CO2

–0.157

GDP/LF

0.906

GDP/PEC

0.738

GDP/CO2

0.987

Through the DEA, the potential improvements of inefficient units can be identified.
Defining technology as a vector of inputs and outputs, the target technology that guarantees
100% efficiency can be determined by the peer object (Guzik 2009):
I

TO* = ∑ λiTi ,

(5)

i =1

where:
li – non-negative optimal weight for i = 1, .., I object;
Ti – i-th object technology.

Optimal, benchmark technology of each analyzed country (except fully efficient Norway) is consistent only with the values for Switzerland. Adequate λ (λSwitzerland) are presented in Table 4.
Switzerland appears in optimal technology for each country as an outlier, which is
a rather peerless benchmark for other states (Fig. 10). In this case, applying the benchmarking graph to determine the object of the model for not fully efficient units in order
to make them perform according to their optimal technology, as shown e.g. in (Nazarko,
Šaparauskas 2014), has a limited use.
However, the benchmark approach for the DEA method allows to identify the technological competitors both for the inefficient objects, as well as for the efficient objects.
However, it should be emphasized that the interpretation of the concept of a technological
competitor in the DEA is different from the classic definition of a market participant who
competes with other players trying to achieve its goals. It cannot be regarded as a competition for resources, but rather as a place in the ranking. Technological competition in the
DEA is rather a competitive position among the analyzed units. The competitors can be
determined through the use of the Super Efficiency (SE) DEA model solutions, formulated
with exclusion of fully efficient objects. The technological competitors of inefficient object
are other inefficient objects that create optimal technology for the object (Guzik 2009).
In the article, the SE DEA model proposed by P. Anderson and N.C. Petersen (1993) was
used. It involves the exclusion of the analyzed object technology in the optimization. The
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consequence is no limit efficiency equal to 1. The model was altered for the needs of the
case of the existence of desirable and undesirable results:
min q;

(6)

I

1,…, M ;
∑ λi xim ≤ xOm , m =

i = 1≠O
I

1,…, N ;
∑ λi yin ≥ yOn , n =

i = 1≠O
I

∑ λi qij ≤ θqOj , j =

1,…, J ;

i = 1≠O

λi ≥ 0, i = 1,…, I ,

where: symbols as in equation 2.
The technological competitors for European countries have been identified, using the
optimal λ values, illustrated in Figure 11. The visualization shows 10 groups of competitors.
Switzerland and Norway are fully efficient. It is evident, that each of the groups includes
competitors with increasingly lower values of the efficiency ratio. The arrows show the
direction of desire imitation, and indicate which objects should serve as model objects.
Searching for the causes, explaining the differences in environmental performance
scores, the hypothesis was tested that the countries which dedicated a higher value of
Gross Domestic expenditure to R&D in % are characterized by higher environmental performance.

10000
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GDP/CO₂ 6000

16000
14000
12000
10000
8000
GDP/PEC
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GDP/LF

80

100

120

0

Fig. 10. PEC in million tonnes oil equivalent and CO2 in million tonnes
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Fig. 11. Groups of technological competitors

In this work, the standard Tobit model (4) was applied, with a dependent variable on the
left limited at 0, and transformed data. Logarithmic transformation and linear combination
with the coefficient –1 of the dependent variable Y created a new variable Z = –ln(Y) that
has value in range of [0, ∞). The statistics of Tobit model were obtained using the EasyReg
(by H. J. Bierens 2015) and are presented in Table 6.
Table 6. Tobit regression statistics
Estimated

t-value

p-value

Intercept

2.0551988

6.3028

0.00000

% GDP expenditure on R&D

–46.491214

–3.8492

0.00012

6.3028

0.00000

Pseudo

R2

0.38925

Log likehood

19.797520

Standard error of e

0.5515574

Because of the transformation, a negative coefficient of an explanatory variable implies
a positive effect on the original dependent variable – efficiency score. Pseudo R2 is small but
the t-statistic large enough with the associated p-value near to 0 allow to assume that the
percentage of GDP expenditure on R&D can influence the efficiency score. Being conscious
of small degrees of freedom in the Tobit model, it can be said that the higher percent of
GDP expenditure on R&D, the higher the efficiency score.

Conclusions
The awareness of the impact of people’s activities on the environment is the cause of the
increasing understanding of the need for sustainable development, and hence the popularity of the use of the benchmarking methods in the assessment of the productivity of
economic growth, taking into account the aspect of the simultaneous negative impact on
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the environment. In recent years, among the wide range of existing approaches toward
environmental performance indicators, environmental DEA technology has gained high
popularity. Not only, DEA has being used to assess the status of sustainable development
but also to identify technologies with the greatest potential for development with respect
to environment (Halicka 2016).
In the article, the DEA methodology was systematized, described, and presented with
the use of original three-dimensional charts – which is an additional, advantage of this
work.
In the study, the REI model was implemented for the assessment of the environmental
performance of European countries. High compatibility of REI indicators with the results
of the standard model of the DEA shows that sometimes it is possible to start with the
standard model of the DEA and in many cases it may be sufficient. The performed evaluation in terms of GDP compared to the costs was positive in the case of only 2 countries.
According to the obtained results, European countries are highly diversified with regard
to the efficiency of environmental performance. The average efficiency is low and amounts
only to 0.3515 (median 0.2906). This leads to the conclusion that the increase in efficiency
is possible. Most countries require changes in the existing model of development in order
to reduce emissions and become more environmentally friendly. However, according to the
benchmarks, the two best, fully efficient countries are located outside the European Union
and because of the difference in the score, are rather out of reach.
Therefore, the authors proposed the formulation of groups on the basis of the concept
of technological competition according to the SE DEA model. By grouping the countries
as regards the optimal technology, the nearest peer can be indicated, and thereby, possible
improvements may be determined. The environmental DEA model integrated with a relatively unpopular method of determining the competitor’s technology, is an approach which
the authors have not encountered so far in the literature.
The DEA rating is definitely different from the one obtained by k-means. The ones
ranking high with respect to absolute GDP, PEC and CO2 are not high in the ranking of
environmental performance, but they are rather mediocre: France occupies the 5th place,
Italy 8th, UK 10th, and Germany 12th. In other words, the stereotyped country rating on
the basis of the only C02 or GDP may be unfair in many cases.
The conducted study utilizing the environmental DEA took into account the indicators
most frequently used to assess sustainability: GDP, CO2, LG, PEC. An innovative approach
is an attempt to determine the relationship between the final result and expenditure and
the R&D. The choice of this variable was made in the context of compliance with the repeatedly indicated priority areas of action in the directives of the European Commission.
The choice was also motivated by frequent discussions concerning the need to invest in
innovation in order to increase the competitiveness of economies and a threat to the entire
European manufacturing and service sector in the event of abandonment of research and
development support.
There is no strong relationship between R&D expenditure and the level of environmental performance but the Tobit model indicates the existence of such link. However, one
should be aware that far-reaching conclusions are limited by small degrees of freedom in
the estimated Tobit regression model.
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To sum up, environmental performance measurements may provide quantitative information for environmental policy analysis and decision making. It is also worth to analyze
other factors that affect environmental performance of economies. A valuable approach
would be to precede the quantitative analysis with scenario method (Nazarko, Kononiuk
2013). In principle, only an interdisciplinary combinations of different research methods,
provide necessary conditions for a proper assessment of the development with respect to
environmental and social needs (Ejdys et al. 2015).
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