
 

Applied Computer Science 2025, vol. 21, no. 4, pp. 98–109 

https://doi.org/10.35784/acs_7702 

 

98 

Submitted: 2025-05-05 | Revised: 2025-06-24 | Accepted: 2025-06-30                                                                                                                                           CC-BY 4.0 

Keywords: eco-efficiency, DEA-model, MaxDEA software, window method, benchmarks 

Bella GABRIELYAN 1*, Narek KESOYAN 2, Armen GHAZARYAN 2,  

Argam ARTASHYAN 2 
1 Institute of Economics after M. Kotanyan National Academy of Sciences, Armenia, gabrielyanbv@gmail.com 
2 Armenian State University of Economics, Armenia, kesoyan_narek@yahoo.com, armenghazaryanq1@gmail.com, 

aartashyan@gmail.com 
* Corresponding author: gabrielyanbv@gmail.com 

Measuring comparative eco-efficiency in the Eurasian Economic 

Union using MaxDEA X 12.2 software 

Abstract 

In recent years, Data Envelopment Analysis (DEA) has gained popularity as a robust approach for 

assessing the eco-efficiency of economic units of different scales. This paper demonstrates the capabilities 

of the latest standalone version of the open-access MaxDEA X 12.2 software to measure comparative eco-

efficiency, using the countries of the Eurasian Economic Union (EAEU) as a case study for the period 

2015-2023. The study uses a traditional "black box" DEA model with atmospheric emissions, waste 

generation, and water consumption as inputs, and GDP along with population as outputs, allowing for a 

structural eco-efficiency assessment focused on resource use and economic structure. Calculation results 

obtained using the window method show that Belarus and Kyrgyzstan have the highest eco-efficiency over 

the entire observation window, while Kazakhstan and Russia lag behind, correlating with their natural 

resource-dependent economies. The analysis also provides target reductions in emissions and resource use 

for inefficient countries to improve eco-efficiency. In addition, the paper highlights how the MaxDEA X 

12.2 software simplifies data handling and model configuration for eco-efficiency assessments by 

supporting different model orientations and returns to scale assumptions. Finally, it discusses potential 

extensions to more complex two-stage DEA models for comprehensive eco-efficiency assessments, subject 

to data availability. This work highlights the usefulness of MaxDEA X 12.2 as an accessible tool for eco-

efficiency benchmarking and managerial decision support in the context of regional economic integration. 

1. INTRODUCTION 

In recent years, the Data Envelopment Analysis (DEA) method has become particularly popular for 

assessing the eco-efficiency of economic objects of various sizes and functionality. It is used with equal 

efficiency and frequency to assess the comparative eco-efficiency of industrial enterprises, as well as the eco-

efficiency of individual regions and countries. The reasons for the growing popularity of DEA are its developed 

mathematical apparatus, a wide variety of models that allow modeling objects (in DEA terminology - DMU) 

with different structure and properties, and, what is also important, the availability of several available software 

options that can be used to perform calculations and simulations. 

One of the open access software products with good functionality and high computational power is 

MaxDEA. In previous versions, MaxDEA worked in conjunction with Microsoft Access and required a fully 

licensed version of Microsoft Office on the computer. In the latest version, however, MaxDEA X 12.2 is a 

standalone software product that can work equally well with different operating systems. As a result, the 

MaxDEA interface and its methods of working with the export of calculation results have undergone 

significant changes. 

The purpose of this paper is to demonstrate the interface and capabilities of the latest version of the open 

access MaxDEA package using the example of solving the problem of assessing the comparative eco-

efficiency of the countries of the Eurasian Economic Union in the period from 2015 to 2023. The chosen 

analytical task is highly relevant for the promotion of eco-innovation and circular economy in this region and 

represents a novelty in the existing literature. The article provides a comprehensive interpretation of the 

mailto:kesoyan_narek@yahoo.com
mailto:armenghazaryanq1@gmail.com
mailto:aartashyan@gmail.com
https://orcid.org/0000-0002-7428-7900
https://orcid.org/0000-0001-7751-3726
https://orcid.org/0000-0001-6083-5489
https://orcid.org/0000-0002-4550-3491


99 

computational results and how this generated information can inform management decisions aimed at 

improving resource efficiency at the national level within each country. 

Furthermore, this study demonstrates the flexibility of the MaxDEA package by outlining methods for 

adapting input and output data structures. This adaptation allows the solution of dynamic eco-efficiency 

problems using only the basic functionalities of the MaxDEA package, thus eliminating the need to access its 

paid version. 

The rest of the paper is organized as follows: Section 2 presents a review of works that use the DEA method 

to assess the eco-efficiency of economic objects of different class, structure and characteristics. Attention is 

paid to the type of DEA problem and its peculiarities. Section 3 describes in detail the formulation and 

algorithm for solving the problem of comparative eco-efficiency of the countries of the Eurasian Economic 

Union in the MaxDEA X 12.2 package. Section 4 gives an interpretation of the obtained results and the 

possibility of using them to develop different management strategies. Section 5 describes the conclusions and 

possible alternative ways of formulating and solving the problem. 

2. FEATURES OF DEA APPLICATION FOR SOLVING ECO-EFFICIENCY ASSESSMENT TASK  

In general, the concept of eco-efficiency can be described as producing more with less, minimizing 

environmental impacts and resource consumption while maximizing economic output (Picazo-Tadeo et al., 

2012). Therefore, in DEA models, resources are usually inputs, economic outcomes are desired outputs, and 

negative environmental impacts are undesired outputs. In eco-efficiency calculations, desired outputs are 

subject to maximization, while inputs and undesired outputs are subject to minimization. 

Depending on how detailed the structure of the studied object (Decision Making Unit, DMU) and its 

production processes are modeled in the study, DEA models used to construct a comprehensive eco-efficiency 

indicator may differ in structure. One of the simplest models of eco-efficiency of regions is presented in (Ratner 

& Ratner, 2017). It uses as inputs the amount of pollution emitted to the atmosphere from stationary sources 

and motor traffic, the amount of unfiltered wastewater discharge, the amount of inadequately filtered 

wastewater discharge, the amount of industrial and household waste generation, and the amount of fresh water 

consumption from surface and underground bodies (millions of cubic meters). As outputs, the model uses 

regional GDP and population. This approach is somewhat unusual because it does not take into account the 

resources consumed by the regional economy - labor, energy, and capital - but only water consumption. In 

addition, negative environmental impacts, which are in fact undesirable outputs of the regional economy, are 

represented in the model as inputs. However, the authors prove the validity of this approach and its consistency 

with the general logic of the concept of eco-efficiency - to produce more and provide more to the population 

while consuming fewer resources and producing less negative impact on the environment. The paper constructs 

a constant returns to scale (CRS) model and applies the "window" method to track changes in eco-efficiency 

over a five-year period. 

A similar approach is presented in Liu et al. (2017) to assess the eco-efficiency of Chinese coastal cities. 

The model considers different types of pollution from tourism and consumption of energy resources as inputs, 

and positive economic effects from tourism development - number of tourists and tourism sector revenues - as 

outputs. Another example of this approach to selecting inputs and outputs according to the logic of "minimizing 

the bad and maximizing the good" can be found in (Henriques et al., 2022). 

The class of models with simple structure also includes models in which inputs and outputs are chosen in 

such a way that there are no undesired outputs. For example, in (Pais-Magalhães et al., 2021) the eco-efficiency 

of the waste management system in 15 European countries between 2001 and 2015 is studied. Each DMU is 

described with 4 inputs: 1) total GHG emissions from the waste sector per capita; 2) total amount of waste 

disposed per capita; 3) share of renewable energy fuel derived from waste; 4) electricity generated from waste 

per capita. Outputs are the ratio of GDP per capita and GHG emissions from waste disposal. The authors use 

an output-oriented DEA model under the VRS assumption. 

Ratner et al. (2021) consider the problem of evaluating the eco-efficiency of regional environmental 

management systems, where inputs are inputs and outputs are reductions in negative environmental impacts 

(air emissions, wastewater collection, water consumption) that have occurred over time. The VRS model is 

used to estimate economies of scale for environmental investments.  

A study Gastaldi et al. (2020) examines the efficiency of waste management services in the main cities of 

each Italian province in 2015 and 2016. In the authors' model, the inputs are the cost of waste management 
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(per person and total), the total amount of waste collected, and the waste collection rate in the municipality. 

The outputs are the amount of sorted waste per person and total. Both CRS and VRS specifications of the 

output-oriented DEA model to capture the impact of scale size on the performance of the unit analyzed. 

In Ezici et al. (2020), input-oriented DEA under CRS assumption is applied to measure the eco-efficiency 

of energy consumption in different industries of the USA. The same simple structure without undesirable 

outputs is found in the eco-efficiency estimation models of Lorenzo-Toja et al. (2015), Avadí et al. (2014), 

Moutinho et al. (2018) (VRS model with DEA-Malmquist productivity index), Wu et al. (2018), and others. 

Models with undesirable outcomes have a slightly more complex design and methodology for calculating 

eco-efficiency (Figure 1). An example is a study to evaluate the eco-efficiency of the waste management 

system in 142 municipalities in Chile in 2018 (Llanquileo-Melgarejo & Molinos-Senante, 2021). Here, the 

total cost of waste management is used as an input, the amount of sorted waste - glass, organics, paper, plastic 

- as a desired output, and the amount of unsorted waste as an undesired output. The authors used both the CRS 

and VRS models to calculate the eco-efficiency index and compared the results. 

 

Fig. 1. Black Box” eco-efficiency DEA models 

Another example is a study to evaluate the eco-efficiency of the waste management system in Italian 

municipalities (Romano et al., 2021). The inputs of the constructed model are the total cost of unsorted waste 

management; the total cost of waste treatment; the total assets of the waste separation system. Desired output: 

total sorted waste Unwanted output: total unsorted waste. There are no direct environmental variables in the 

model as in the previous one. A peculiarity of this research is the use of panel data. As a result, the Malmquist-

Luenberger meta-frontier productivity index is used, a methodology suitable for dynamic problem solving. 

Unlike the standard Malmquist index, this approach allows the decomposition of efficiency changes into two 

components: those due to shifts in the efficiency frontier and those due to changes in the efficiency of the 

observed unit itself. 

A similar approach is used to measure the eco-efficiency of the waste management system in Tuscan 

municipalities in (Romano & Molinos-Senante, 2020). But this task is static, all calculations are made for one 

year only (2016). 

The environmental performance of Chinese provinces is also estimated in (Huang et al., 2020) using a 

model with undesirable outputs. Inputs are total water consumption, total energy consumption, urban 

consumption area, number of employees, and total fixed asset investment. The desired output is economic 

growth (regional GDP), and the undesired outputs are wastewater, solid waste discharge, and exhaust 

emissions. The study applies the super-efficiency SBM model, which helps to rank provinces strictly (no 

repetitions) according to eco-efficiency scores. A similar approach with separation of outputs in the model into 

desirable and undesirable is used to estimate the eco-efficiency of complex forestry enterprises in the study of 

Zhang & Xu (2022), to estimate the eco-efficiency of the Chinese transportation industry (Song et al., 2022), 

to evaluate the eco-efficiency of European and Asian countries (Tsai et al., 2016), to evaluate the eco-efficiency 
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of electricity mixes of 28 EU countries (Zurano- Cervelló et al., 2018), to evaluate agricultural practices by 

eco-efficiency by Angulo-Meza et al. (2019), and many others. 

The most complex structure of DEA models for eco-efficiency assessment found in the literature is the 

network structure. Network models themselves can be divided into several classes - models with a sequential 

structure, models with a parallel structure, models with a cyclical structure, and some variations of these 

(Ratner et al., 2023). Models with a sequential structure tend to be the simplest in this class, and in them eco-

efficiency is often split into two parts - economic efficiency and environmental efficiency, or the efficiency of 

environmental protection systems (Fig. 2). 

 

Fig. 2. General two-stage eco-efficiency DEA model 

For example, Li et al. (2020) present a two-stage model of regional eco-efficiency with the production 

process in the first stage and the treatment process in the second stage. The inputs of the first stage are labor, 

capital stock, energy, water, and land, the output is regional GDP, and the intermediate outputs are wastewater, 

exhaust gas, and SO2 emissions. The additional input of the treatment stage is financing and the outputs of this 

stage are solid waste utilization, wastewater utilization and greening rate. The authors adopt the super-

efficiency DEA model. The paper (Xiao et al., 2021) applies a two-stage network structure with government 

and industrial sectors to study the eco-efficiency of Chinese cities. In their model, the government sector uses 

urban construction land and public financial expenditure (inputs) to provide infrastructure, technology, 

education, and healthcare (intermediate outputs) to the industrial sector. The industrial sector uses 

infrastructure, technology, education, and health care as intermediate inputs and consumes energy, labor, and 

capital as additional (free) inputs. As a result, it generates GDP as a desired output and CO2 emissions as an 

undesired output. 

Shao et al. (2019) measure the eco-efficiency of industrial sectors in China between 2007 and 2015, using 

the two-stage network structure of the DEA model. The industrial process is divided into three interrelated 

sub-processes: production (first stage), wastewater and exhaust gas treatment processes (second stage). The 

inputs of the production sub-process are energy, labor and capital. The desired output is industrial value added, 

and the undesired outputs are CO2, solid waste, COD generation, NH3-H generation, SO2 generation, and 

smoke dust generation. COD and NH3-H are intermediate outputs that enter the wastewater treatment process, 

while SO2 and PM are intermediate outputs that enter the exhaust treatment process. The inputs of the 

wastewater and flue gas treatment processes are treatment facilities and costs (specified for each sub-process). 

The outputs of the second stage are COD and NH3-H removal (for wastewater treatment) and SO2 and smoke 

dust removal (for flue gas treatment). Eco-efficiency is presented as the weighted sum of production efficiency, 

wastewater treatment efficiency, and exhaust gas treatment efficiency. 

The study (Ren et al., 2020) investigates the regional eco-efficiency of China (30 provinces in China from 

2003 to 2016). The model structure consists of three blocks: economic production stage, environmental 

governance stage, and social input stage. The economic production stage has 4 inputs: number of employees, 

capital stock, total energy consumption, and total water consumption. As output variables, the model uses 

GDP, wastewater discharge, industrial waste gas emissions, and solid waste emissions. They are all 

intermediate outputs that are passed on to the next stage. GDP is a desirable output, while all others are 

undesirable. The environmental governance stage has 2 inputs (investment in pollution treatment and 
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municipal wastewater treatment rate) and 2 intermediate outputs (air quality in major cities and solid waste 

utilization rate). Social input stage has 2 inputs (proportion of R&D technology investment and social 

expenditure) and only one system output - human development index. The type of model is a network SBM 

model that takes into account undesirable outcomes. However, the article doesn't say how the distribution of 

data over time was taken into account. 

A more complex matrix network structure of eco-efficiency is presented in the paper by Yu et al. (2020). 

It also considers eco-efficiency from three perspectives - economic, environmental and social. Each subsystem 

has its own inputs and outputs (called external), and is also connected by an input and output (links) to another 

subsystem. The economic subsystem transfers all kinds of industrial emissions to the environment and receives 

energy from it. The social subsystem transfers emissions from the residential sector to the environment and 

receives land and forest resources. The economic subsystem receives labor from the social subsystem and 

transfers income to it. The external input for the environment is investment in environmental protection, and 

the outputs are air quality, treated wastewater, and recycled waste. The external input for the economic 

subsystem is investment in fixed capital and technology, and the outputs are GDP per capita. The external 

input for the social subsystem is social insurance costs, and the outputs are years of education and share of 

health technicians. How the distribution of data over time was taken into account - the article does not say, 

most likely it is the window method. 

A similar model is built in He and Jie (2025), only in the second stage three separate processes are included 

in the model - solid waste, sulfur dioxide and wastewater treatment. Industrial systems of Chinese provinces 

are considered as DMUs.  

In Wang et al., 2021, an even more complex network model is constructed, which also takes into account 

that between each regional production and treatment system at the previous and subsequent points in time, 

additional intermediate outputs are connected, which meaningfully represent investments. A non-radial and 

non-oriented SBM model is used to correctly describe the linkages in such a complex system. 

Yang et al. (2024) build a network model consisting of two parallel two-stage processes to evaluate the 

industrial eco-efficiency of 30 provinces in China from 2015 to 2021. The first stage considers the industrial 

production process in terms of water and energy efficiency. The second stage examines the process of 

achieving sustainable development goals in terms of return on investment in resource efficiency and 

development of environmentally friendly technologies. 

Accordingly, a systematization of the Data Envelopment Analysis (DEA) eco-efficiency assessment 

models documented in the literature can be achieved. This classification divides the models into different 

categories based on the structure of the decision making units (DMUs), the methods used to account for 

temporal changes in eco-efficiency, and the type of optimization problem addressed. The latter includes 

constant returns to scale models, variable returns to scale models, slack-based models, and their variations (as 

shown in Figure 3). 

 

Fig. 3. Classification of DEA models for eco-efficiency assessments by structure, the approach for measuring changes, and the 

type 

In the following section, using the assessment of eco-efficiency among the member states of the Eurasian 

Economic Union as a case study, it will be examined which of these analytical tasks can be solved within the 

free version of the MaxDEA X 12.2 software. Furthermore, this section will detail the preliminary data 

preparation operations necessary to expand the scope of solvable problems. 

Structure of the DMU
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outputs

•Two-stage

•Network

Measuring changes in 
eco-efficiency in time

•Statics (no change)

•Malmquist productivity 
index
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Luenberger productivity 
index
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•BCC (VRS)
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(SBM) 



103 

3. FORMULATION OF THE DEA PROBLEM AND ALGORITHM OF ITS SOLUTION IN 

MAXDEA X 12.2 

The analysis will use a "black box" structural model. The inputs to this model are defined as: air pollutant 

emissions from stationary sources (measured in thousands of tons), water withdrawals from natural water 

sources (measured in billions of cubic meters), and production and consumption waste generation (measured 

in millions of tons). Note that two of their selected inputs are actually undesirable outputs. The desired outputs 

are GDP at current prices in US dollars and population. The choice of inputs and outputs in this case is limited 

to the set of indicators that are collected in the EAEU countries according to a common methodology and can 

be considered comparable. Data source: official website of the Eurasian Commission (2025).  

In this case, the DMUs are the economic systems of the EAEU countries. Data are available for the period 

from 2015 to 2023, so it is possible to assess changes in eco-efficiency of the countries during this period.  

Download the Lite version of the package that is suitable for your computer operating system 

(Windows/MacOS/Linux) (MaxDEA, 2025). Then unzip the .zip archive and run the MaxDEA.exe program. 

As mentioned in the introduction, no additional software is needed to run later versions of the program. The 

interface of the program is very simple and at the initial stage of work the user has only two options - to create 

a model or to open an existing one (Fig. 4). 

 

Fig. 4. Starting MAXDEA X 12.2 

After creating a file in which the work on building the model will be saved, the options of importing data, 

defining data, defining the model type and starting the model (Run) will be available in the main window of 

the program (Fig. 5). 

 

Fig. 5. Starting MAXDEA X 12.2: import and definition of data and model 

In the free version of the software, there are two efficiency measures to choose from - Radial, which is used 

in most tasks, and Maximum Distance to Frontier (Figure 6). All possible model orientations are available: 
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input-oriented, output-oriented, and non-oriented. In addition, there is access to all possible types of returns to 

scale - constant (CRS), variable (VRS), non-increasing (NIRS), and non-decreasing (NDRS). The 

decomposition of efficiency (or total factor productivity, TFP) into scale efficiency and scale effect is also 

available. 

 

Fig. 6. Starting MAXDEA X 12.2: defining measure of efficiency, orientation and return on scale 

As for advanced models, all of them (super-efficiency models, models with undesirable outcomes, and 

customized benchmarking models) are available only in the paid version of MaxDEA X 12.2. The same is true 

for panel data models, including Window DEA models (Figure 7). 

 

Fig. 7. Starting MAXDEA X 12.2: Advanced Options and Panel Data Models options 

In order to export the data to the program, it must first be prepared in an Excel file so that the first column 

contains the name of the DMU, followed by the columns with inputs and outputs. The first row should contain 

the names of the columns. All cells in the Excel sheet that are not occupied by DMU names, inputs and outputs 

must be empty. If the data is a panel (object year), it should first be arranged in the Excel sheet by year, with 

the year explicitly highlighted in the DMU name, so that the software can interpret each DMU in each year as 

a separate object (Window DEA methodological approach, more details in (Ratner & Ratner, 2017). For the 

present task, the data will look as shown in Fig. 8. 
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Fig. 8. Preparing data for Window DEA model 

Data in Excel should be imported using the Import Data tab and further defined as shown in Figure 9. Each 

non-empty column can be defined as Period (relevant for advanced models), DMU Name, Cluster (relevant 

for advanced models), Input, Output or Not Defined. 

 

Fig. 9. Defining data for DEA model 

Next, the model type is selected and the model is run using the "Run Model" command. For the illustrative 

task of assessing the eco-efficiency of the countries of the Eurasian Economic Union, a radial efficiency 

measure with input orientation and constant returns to scale is chosen. The orientation of the model determines 

the approach to the optimization problem: inputs are minimized while maintaining the current level of outputs, 

or conversely, outputs are maximized while maintaining the current level of inputs. In this particular 
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application, a more logical approach is to minimize pollution and resource consumption while maintaining 

economic growth (as measured by GDP) and population levels. 

Variable returns to scale models are more informative because they allow us to determine whether or not 

the "size" of the DMU is at its optimal value. Such information is useful when the inputs to the model are 

inputs and the return on those inputs can be determined. In the case under consideration, the inputs to the 

problem, except for the input that determines water consumption, are unwanted outputs. Therefore, it makes 

no practical sense to search for economies of scale in this case.  

After the model is run, the results are saved to a separate folder on the user's computer with a name 

corresponding to the date. The name of the results file will be Result_Envelopment.csv or 

Result_Multiplier.csv, depending on how you defined the model. 

4. RESULTS AND DISCUSSION 

The structure of the file with the results of the calculation of eco-efficiency of the EAEU countries is 

presented in Fig. 10. 

 

Fig. 10. Results 

The first column of the file contains the names of the DMUs, then column B contains the efficiency 

coefficients, column C contains the rank of the facility, and column D contains the benchmarks for each DMU. 

A DMU is considered efficient if its score = 1, otherwise the DMU is inefficient. The lower the score value, 

the higher the degree of inefficiency. Typically, there are multiple efficient DMUs in a task, so multiple objects 

may have the same rank in the ranking. 

Benchmarks are the efficient objects on the efficiency frontier that are closest to a given DMU. For efficient 

DMUs, the benchmark is the DMU itself. Inefficient DMUs may have multiple benchmarks. 

The next columns are Proportional Movements and Slack Movements, which show the necessary changes 

in the input values of the object to make it efficient. When solving an input-oriented problem, such changes 

are calculated only for inputs. For output-oriented problems, the opposite is true. Proportional movements refer 

to the percentage change in an input or output required for an inefficient DMU to reach the efficiency frontier. 

These changes are proportional to the original value of the input or output. If a DMU is inefficient, DEA aims 

to find the "best practice" frontier and project the inefficient DMU onto it. The proportional movement 

indicates how much each input must be reduced (in an input-oriented model) or each output must be increased 

(in an output-oriented model) relative to its current level in order to achieve efficiency. Slack movements, or 

simply "slack," represent the amount of an input that is not used or the amount of an output that is not produced 

relative to the efficient frontier after proportional adjustments have been made. In essence, if after proportional 

adjustment of all inputs (or outputs) to reach the frontier, there are still some inputs that are oversupplied or 

some outputs that are undersupplied relative to the projection on the frontier, these represent slacks. Both of 

these values provide valuable information for decision makers to develop strategies to achieve effective DMU. 

After the columns of Proportional Movements and Slack Movements, the number of which corresponds to 

the number of inputs plus outputs of the model, follow columns of projections to the efficiency frontier for 
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each input and output. These projections provide very important information for decision makers. They show 

the target values of each input (in the case of the input-oriented task) and each output (in the case of the output-

oriented task) that the DMU must reach in order to become efficient. 

Analyzing the results of the DEA task to assess the eco-efficiency of the EAEU countries, several 

conclusions can be drawn. First, the Republic of Belarus and the Kyrgyz Republic have the highest eco-

efficiency throughout the period (Figure 11). The eco-efficiency of the Republic of Armenia increases 

monotonically and reaches its maximum values at the end of the observation period. 

 

Fig. 11. Eco-efficiency of EAEU countries 

Kazakhstan has the lowest eco-efficiency. Its eco-efficiency increases slightly until 2023, but still remains 

the lowest among the EAEU countries. Russia's eco-efficiency is also low, especially in 2015-2017.  

An analysis of the projected input values calculated for all countries at the end of the observation period 

(as shown in Table 1) reveals the necessary reductions in emissions, water consumption, and waste generation 

for each identified inefficient country to achieve efficiency. 

Tab. 1. Projections of inputs to the efficiency frontier (targets) for inefficient countries in 2023 

Country Real 

pollutions 

Projection 

(target) 

Real 

waste 

Projection 

(target) 

Real water 

consumption 

Projection 

(target) 

Belarus 489.5 452.68 50.4 40.27 1434.6 1398.84 

Kazakhstan 2257.5 1473.40 1033.9 340.89 24365.8 15903.16 

Russia 16952.0 12700.47 9278.8 1325.24 69131.6 51793.51 

 

It is important to note that in conventional DEA models, more than one object is usually efficient. In order 

to strictly (uniquely) rank objects by eco-efficiency, it is necessary to use advanced super-efficiency models, 

which are not available in the free version. To get around this limitation, the following approach to ranking 

objects can be proposed 1) count the number of cases in which object X was identified as a benchmark (note 

that only efficient objects can be benchmarks); 2) rank objects by the number of cases in which it acted as a 

benchmark. 

In the problem considered with this approach, the ranking of efficient objects will look as shown in Figure 

12. 

 

Fig. 12. Ranking according the benchmarks 
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All of the DMUsshown in Figure 12 are efficient, judging by their scores. However, Belarus-22 is a 

benchmark for 29 inefficient YMCAs, Armenia-23 is a benchmark for 22 inefficient DMUs, and Kyrgyzstan-

15 is a benchmark for only one inefficient object. This fact allows us to rank the efficient objects among 

themselves, giving preference to those that are benchmarks for a larger number of inefficient objects. Although 

complete elimination of rank repetition was not achieved in this analysis, distinguishing effective units using 

this methodology is demonstrably straightforward. 

5. CONCLUSIONS 

In recent years, the interest in eco-efficiency assessment of various objects and systems has been growing 

steadily, both in the scientific community and in the policy and business communities. Therefore, the ability 

to use relatively easy-to-use software to solve eco-efficiency measurement problems is important. 

The article systematizes various approaches to the construction of DEA problems for eco-efficiency 

assessment, which are focused on different structures of the studied objects, types of problems by the type of 

data (panel or simple sampling), by the formulation and solution of the optimization problem. 

The possibilities of the free version of the MaxDEA program are demonstrated on the example of solving 

the problem of eco-efficiency assessment of the countries of the Eurasian Economic Union. A model of the 

"black box" type, traditional for DEA methodology, was used, and the inputs were considered to be 

atmospheric emissions, waste generation, and water consumption. The outputs were GDP and population. Note 

that with this formulation of the DEA problem and the choice of inputs and outputs, we are dealing with 

structural eco-efficiency, which is most influenced by the structure of the economy and its resource efficiency. 

The results of the calculations of efficiency coefficients on the basis of panel data using the window method 

show that the Republic of Belarus and the Kyrgyz Republic have the highest eco-efficiency throughout the 

period of observation. The eco-efficiency of the Republic of Armenia increases monotonically and reaches its 

maximum values at the end of the observation period. This result is logically well explained by the fact that 

the Republic of Armenia has experienced a period of rapid economic growth in recent years. Kazakhstan and 

Russia have the worst eco-efficiency scores, which also correlates well with the fact that the economies of 

these countries are oriented towards the extraction and export of natural resources. 

For all inefficient countries in 2023 (namely Belarus, Kazakhstan and Russia), the targets for atmospheric 

emissions, waste generation and water consumption are calculated, the achievement of which will help the 

countries to become eco-efficient. The article also shows ways to circumvent some of the limitations of the 

free version of the MaxDEA package, such as the ability to rank efficient objects without using advanced 

super-efficiency models. 

Another direction for the study of the eco-efficiency of the EAEU countries could be the construction of a 

DEA model with a more complex structure, for example, a two-stage model in which the eco-efficiency of the 

production system is considered first and the eco-efficiency of the pollution treatment system is considered in 

the second stage. However, attempts to use such models in practice are faced with insufficient comparable 

statistical data to select indicators as inputs and outputs of DEA models. 
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