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Abstract 

Agriculture plays an important role in economy influencing both society and environment 

due to its crucial contribution to food security, employment opportunities and climate change. 

According to the energy and climate policy framework, the target for 2030 is reduction of 

40% of greenhouse gas (GHG) emissions in the European Union without any decline in 

productivity of production. One critical challenge in assessing the productivity is involving 

the undesirable outputs a long with a series of time. This approach essentially requires 

applying new management methods. In this study we applied a slack based measurement 

(SBM) of efficiency in the presence of undesirable outputs in a window data envelopment 

analysis (WDEA) framework to evaluate the crop production sector of 27 EU countries. The 

required data consisting the average input costs (€ ha-1) (including fertilizer, protection, seed 

and other costs as the model inputs), the gross domestic product (€ ha-1) and the total GHG 

emissions (kg CO2-eq ha-1) as the model desirable and undesirable outputs were collected from 

FADN and Eurostat databases. To indicate the ideal window width, the efficiency scores of 

ten window data envelopment analysis (WDEA) models were evaluated. Obtained results 

showed the highest efficiency scores for Spain, Greece, Italy and Malta. To compare the 

proposed model with the conventional ones, the results of a SBM-WDEA incorporated with 

undesirable outputs have been compared with a SBM-WDEA model without undesirable 

output and a SBM-DEA model with undesirable output and without window analysis. The 

results advocate in favor of the new model, showing promise for its better performance. 
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Introduction 

 

Agriculture plays an important role in the economy and society due to high contribution to 

food security, employment opportunities and etc. Besides these roles, agriculture contributes 

to the climate change by generating Greenhouse Gases (GHGs). Total anthropogenic GHG 

emissions show the continuous growth since 2000. However, most estimates show a decline 

of GHG emissions for Agriculture, Forestry and Other Land Use (AFOLU) sector (Edenhofer 

et al., 2014). AFOLU as the main sector for food security and sustainable development 

accounts for about 24% of the total GHG emissions (Edenhofer et al., 2014). According to 

the energy and climate policy framework, the target for 2030 is to achieve a reduction of 

GHG emissions to 40% (European Commission, 2014). Besides this environmental goals, 

one of the main long-term goals for the European Union (EU) agriculture is supporting 

farmers to improve agricultural productivity in all EU countries (European Commission, 

2013). Therefore, the performance of agricultural sector in EU needs to be monitored and 

improved. To evaluate the performance, the input-output efficiency can be measured through 

parametric and non-parametric methods. Compared to the parametric method, non-parametric 

method does not require any function to estimate the unknown variables. This method applies 

a set of minimum possible combination of inputs and outputs a long with evaluation of all 

Decision Making Units (DMUs) (Lin, Sun, Marinova, & Zhao, 2018). Data Envelopment 

Analysis (DEA) as the most popular non-parametric method is a management tool to estimate 

the efficiency of DMUs. 

Agricultural productivity and efficiency assessment in the EU was the subject of many 

research (Baráth & Fertő, 2017; Peças, Götze, Bravo, Richter, & Ribeiro, 2019; Rizov, 

Pokrivcak, & Ciaian, 2013; Rungsuriyawiboon & Lissitsa, 2007). The most common types of 

DEA models in agriculture are restricted to the cross-sectional data. Although cross-sectional 

data indicate the performance of DMUs, the panel data (data over multiple time periods) 

provide more reliable performance due to tracking the DMU performance through a sequence 

of time periods (Kumbhakar & Lovell, 2003). George Vlontzos, Niavis, and Manos (2014) 

applied a non-radial DEA model to estimate the agricultural energy and environmental 

efficiency of EU-25 countries during 2001 and 2008. They applied average efficiency values 

to compare different years. To handle both cross-sectional and time series data and provide 

the efficiency trends over time, Charnes and Cooper (1984) developed a window DEA 

(WDEA) model. Sardar Shahraki, Ali Ahmadi, and Safdari (2018) applied a WDEA model 

without considering undesirable outputs to assess the productivity changes of wheat 

production during 2014 and 2016. Similarly, Masuda (2018) evaluated the energy efficiency 

of different scale of rice farming between 2005 and 2011 without treating the undesirable 

outputs in a WDEA model. Results indicated that by increasing the scale of rice farming, 

energy efficiency improved. G. Vlontzos and Pardalos (2017) evaluated the GHG emissions 

efficiency of agriculture sector in EU-25 countries during 2006 and 2012. They applied a 

non-radial WDEA model (a window with 3 years width) and applied a translation vector to 

treat the undesirable output in the model. An issue that has received very little attention in 

WDEA is the appropriate window width. The window width is the number of years included  
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in a WDEA model. G. Vlontzos and Pardalos (2017), Al-Refaie, Hammad, and Li (2016) and 

Asmild, Paradi, Aggarwall, and Schaffnit (2004) declared that the window width should be 

large enough to provide adequate sample size while it should be as small as possible to 

prevent unfair comparisons. With respect to this fact that the window width would have 

impact on the efficiency score of DMUs, applying a method to determine the ideal width is 

essential. Lin et al. (2018) proposed and applied a method as a solution for this problem. 

Regarding to this fact that agriculture sector consists of two different livestock and crop sub-

sectors, in  

 

order to have a more accurate productivity assessment, it is essential to distinguish these two 

sub-sectors. Therefore, the focus of this study was on crop production. Also this study was 

aimed at improving previous models by applying a new WDEA model which treats 

undesirable outputs more precisely. Moreover, we aimed to compare the new model with the 

conventional models. 

2. Methods 

In this section, the databases used in this study are presented, afterward, an input-oriented W-

DEA model with slack based measurement of efficiency with undesirable outputs is 

described to evaluate the crop production sector of EU-27 countries during 2008-2017. In 

addition, the method for determining the ideal window width is expressed. 

2.1. Data inventory 

To obtain required data for WDEA, the panel data including monetary data and total GHG 

emissions for agriculture sector of 27 EU countries during 2004 and 2017 were collected 

from two main databases. As it was discussed in previous section, regarding to this fact that 

agriculture sector consists of livestock and crop sub-sectors, and since the focus of this study 

was on productivity assessment of crop production sector, data related to the crop production 

were included in this study. Monetary data including the Gross Domestic Product (GDP) and 

the detailed cost data (including fertilizer, protection, seed and other costs) for EU countries 

were extracted from the Farm Accountancy Data Network (FADN) database (FADN, 2019). 

FADN is an European system of sample surveys conducted to collect annual accountancy 

data from farms for 28 EU countries. Due to lack of data, Croatia was excluded from analysis 

and data for Bulgaria and Portugal during 2004 and 2006 were estimated by the linear 

regression based on the subsequent years. The monetary data were calculated per hectare for 

the corresponding years and countries. Data of total GHG emissions related to crop 

production for EU-27 during 2004 and 2017 were extracted from European Statistical Office 

(Eurostat) (Eurostat, 2019). Eurostat is the statistical office of the EU, provides high-quality 

agricultural statistics in Europe. In this database, total GHG emissions were calculated per 

hectare for the corresponding years and countries. Because of missing data, total GHG 

emission value for Italy in 2009 and 2017 were estimated by a linear regression over other 

years. 
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2.2. Window DEA analysis 

DEA as a nonparametric technique applies linear programming technique to calculate the 

relative efficiency of a DMU comparing to other DMUs (Emrouznejad & Yang, 2018). The 

objective of a DEA model is maximizing the efficiency which is defined as the ratio of 

outputs over inputs with regard to the constraint of equal to and less than unity of technical 

efficiency (Mustapha, Aziz, & Hashim, 2013). Technical efficiency is measured based on 

radial and non-radial methods (Cooper, Seiford, & Tone, 2007). As an advantage, compared 

to the radial DEA models, the non-radial models concern the changes of inputs and outputs 

with considering slacks. The slacks are defined as the difference between the inputs surplus 

and the outputs shortage. Therefore, we applied a non-radial method for DEA analysis and 

the efficiency scores were measured are known as the slacks-based measurement of 

efficiency (SBM). Based on the main classification, DEA models are classified into constant 

returns to scale (CRS) (Charnes, Cooper, & Rhodes, 1978) and variable returns to scale 

(VRS)  models (Banker, Charnes, & Cooper, 1984). CRS (also called CCR) assumes a 

constant change in outputs as a result of input changes while  

 

VRS (also called BCC) assumes a variable change in outputs due to input changes. We 

applied a CRS in our study. Depending on whether the efficiency improvement in a DEA 

model is based on reducing the inputs level while outputs level are assumed fixed or 

increasing the outputs level while inputs level are constant, a DEA model is divided into an input 

or output-oriented DEA model (Charnes et al., 1978). Regarding to this fact that in agricultural 

activities, producers have more control over inputs rather that outputs, an input-oriented model was 

applied in this study. 

In the WDEA introduced by Charnes and Cooper (1984), each DMU in a particular year is 

treated as a particular DMU and its performance is evaluated and compared to its 

performance in other years and against other DMUs over time (Lin et al., 2018). Therefore, in 

a WDEA model, efficiency score of each DMU (n=1,2, …,N) with m inputs and s outputs 

(desirable and undesirable outputs) is estimated over T (t=1,2,…,T) periods. Assuming Xt
n 

and Yt
n as the input and output vectors, the inputs and outputs corresponding to a particular 

DMU in a particular year is expressed as follows: 

𝑋𝑛
𝑡 = [

𝑋𝑛
1𝑡

⋮
𝑥𝑛

𝑚𝑡
]  ,  𝑌𝑛

𝑡 = [
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1𝑡

⋮
𝑥𝑛

𝑠𝑡
] Eq. 1 

Assuming that windows are started at time k (1,…, T) and a window width is w (1,…, T-k), 

inputs and outputs are displayed as follows: 
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 Eq. 2 

 

Applying these matrices into a DEA model leads to the results of WDEA. 
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The most challenging issue in DEA is treating undesirable outputs in the efficiency 

assessment. Several approaches have been introduced, developed and applied to solve this 

issue including i) treating undesirable outputs as inputs (Dyckhoff & Allen, 2001), ii) data 

transformation (Golany & Roll, 1989), iii) impact rate (You & Yan, 2011), iv) ratio model 

(You & Yan, 2011), v) SBM-DEA incorporated with undesirable outputs, and etc. According 

to the findings of a research conducted by Pishgar-komleh, Zylowski, Rozakis, and Kozyra 

(2019) for comparing the specified approaches, it was illustrated that among these 

approaches, the SBM-DEA incorporated with undesirable outputs can reflect the performance 

of DMUs properly. The SBM model with undesirable outputs was proposed by Cooper et al. 

(2007) to treat both desirable and undesirable outputs in the DEA models as separate 

variables. Therefore, an efficient DMU is determined as the one with more desirable (Yg) and 

less undesirable outputs (Yb) (relative to less inputs (X)). The slacks for inputs, desirable and 

undesirable outputs are defined as s-, sg, sb and respectively. The SBM with undesirable 

outputs is presented as: 

Minimize        𝜌∗ =
1−

1

𝑚
∑

𝑠𝑖
−

𝑥𝑖0

𝑚
𝑖=1

1+
1

𝑠1+𝑠2
(∑

𝑠𝑟
𝑔

𝑦𝑟0
𝑔

𝑠1
𝑟=1 +∑

𝑠𝑟
𝑏

𝑦𝑟0
𝑏

𝑠2
𝑟=1 )

 Eq. 3 

Subject to:       𝑥0 = 𝑋λ + 𝑠− ;  𝑦0
𝑔

= 𝑌𝑔λ − 𝑠𝑔 ;  𝑦0
𝑏 = 𝑌𝑏λ + 𝑠𝑏  

                          𝑠− ≥ 0 ,    𝑠𝑔 ≥ 0 ,      𝑠𝑏 ≥ 0 ,     𝜆 ≥ 0  

By transferring Eq. 3 into a linear programing problem, Eq. 3 is displayed as follows: 

Minimize        𝜏∗ = min 𝑡 −
1

𝑚
∑

𝑆𝑖
−

𝑥𝑖0

𝑚
𝑖=1  Eq. 4 

Subject to:       1 = 𝑡 +
1

𝑠1+𝑠2
(∑

𝑆𝑟
𝑔

𝑦𝑟0
𝑔

𝑠1
𝑟=1 + ∑

𝑆𝑟
𝑏

𝑦𝑟0
𝑏

𝑠2
𝑟=1 )  

                        𝑥0𝑡 = 𝑋Λ + 𝑆− ;  𝑦0
𝑔
𝑡 = 𝑌𝑔Λ − 𝑆𝑔 ;   𝑦0

𝑔𝑏
= 𝑌𝑏λ + 𝑆𝑏  

                          𝑆− ≥ 0 ,    𝑆𝑔 ≥ 0 ,      𝑆𝑏 ≥ 0 ,     Λ ≥ 0 ,      𝑡 > 0  

If the optimal solution of linear programming are 𝑡∗, Λ∗, 𝑆−∗, 𝑆𝑔∗, 𝑆𝑏∗, then the optimal 

solution of SBM-undesirable will be 𝜌∗ = 𝜏∗,   𝜆∗ = Λ∗ 𝑡∗⁄ , s−∗ = 𝑆−∗ 𝑡∗⁄ , 𝑠𝑔∗ =
𝑆𝑔∗ 𝑡∗⁄ , 𝑆𝑏∗ = 𝑠𝑏∗ 𝑡∗⁄ . 

According to the Eqs.1-4, the model opted to measure the performance of 27 EU countries 

was a SBM-WDEA incorporated with undesirable outputs. To decrease the amount of 

analysis and calculation, a ten year period (2008-2017) was considered for window analysis. 

Each country was considered as a particular DMU in each year. Thus, the total number of 

DMUs were 270 (27 countires×10 years). The inputs in the WDEA model were determined 

as the average costs of fertilizer, protection, seed and other costs (€ ha-1) for the crop 

production system of EU countries. The desirable and undesirable outputs were the average 

GDP (€ ha-1) and GHG emissions (kg CO2-eq ha-1), respectively. As it has been discussed 

previously, in most WDEA (Al-Refaie et al., 2016; Řepková, 2014; G. Vlontzos & Pardalos, 

2017), the window width is often being chosen subjectively and arbitrary. To determine the 

ideal window width, Eqs.(5)-(7) were applied as follows (Lin et al., 2018): 

𝐷𝑒𝑣𝑖𝑗 =
𝐸𝐹𝑖𝑗 − 𝐴𝑉𝑖𝑗

𝐴𝑉𝑖𝑗
× 100 Eq. 5 
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𝑈𝑖𝑗 = {
1         𝑤ℎ𝑒𝑛 |𝐷𝑒𝑣𝑖𝑗| = min

1≤𝑗≤𝑇
(|𝐷𝑒𝑣𝑖𝑗|)

0         𝑤ℎ𝑒𝑛 |𝐷𝑒𝑣𝑖𝑗| ≠ min
1≤𝑗≤𝑇

(|𝐷𝑒𝑣𝑖𝑗|)
 Eq. 6 

𝐶𝑗 = ∑ 𝑈𝑖𝑗

𝑇

𝑖=1

 Eq. 7 

where EFij is the average efficiency of all countries in year i and window width j, AVig 

represents the average of EFij in period i and Devij denotes the deviation of EFij and AVig. By 

using Eq.5 and Eq.6, the ideal width is the j in which Cj is maximum. 

All inputs and outputs (desirable and undesirable) were applied in a SBM-WDEA model 

incorporated with undesirable outputs and the efficiency score of all countries were estimated 

for  

 

all window widths (w=1,…, T). Then the ideal window width was calculated by applying 

Eqs.5-7 and the inter-country evaluation was conducted. Finally, the results of applied model 

were compared with the results of two conventional models including a SBM-WDEA model 

without undesirable output (model 2) and a SBM-DEA model incorporated with undesirable 

outputs without window analysis (model 3). The model was developed by Excel 2016, 

Matlab 2015b and DeaSolverPro15 programs. 

3. Results and discussion 

In this section the obtained results are presented and discussed. In the first part, the results of 

a SBM-WDEA model incorporated with undesirable outputs for different window widths 

were compared to determine the ideal window width. Then the efficiency scores for countries 

are presented based on ideal window width and in the last part, these results were compared 

with the efficiency scores of conventional models. 

3.1. SBM-WDEA with the ideal window width 

Table 1 shows the Deviij based on windows 1-10 and the minimum value for Deviij within 10 

windows. As it can be seen the window 4 had the minimum Deviij in six years among the 

other windows. Therefore window 4 was selected as the ideal window width in this study and 

the efficiency scores of EU-27 countries during 2008 and 2017 based on the ideal window 

width are presented in Table 2.  During 2008 and 2017, there were four high-efficiency 

countries including Greece, Spain, Italy and Malta with the average efficiency score higher 

than 0.90. The standard deviation (SD) of efficiency score during the studied period was 

estimated to be 0.057, 0.074, 0.032 and 0.087 for Greece, Spain, Italy and Malta, 

respectively. The lower SDs implied the stable situation of the crop production sector in the 

most efficient countries. The lowest efficiency scores were reported for Luxembourg, 

Slovakia, Slovenia and Latvia, with the average efficiency score less than 0.40. The highest 

SDs were calculated as 0.193, 0.189, 0.186 and 0.176 for Finland, Ireland, Bulgaria and 

Cyprus, respectively, implying the unstable management situation in these EU countries. 

 



 

131 
 

 

Table 1. The calculated values for Devij and MinDevij for different window width (j) and year (i). 

Year Devii1 Devii2 Devii3 Devii4 Devii5 Devii6 Devii7 Devii8 Devii9 Devii10 MinDevij 

2008 7.084 5.766 0.928 0.928 1.821 2.221 2.523 2.683 2.730 2.730 0.928 

2009 12.576 3.271 1.306 0.297 1.601 2.178 2.988 3.134 3.214 3.741 0.297 

2010 0.079 0.079 0.293 0.700 1.127 9.346 1.660 1.767 1.800 1.839 0.079 

2011 7.560 3.128 1.460 1.057 2.137 9.396 3.483 4.519 4.806 5.543 1.057 

2012 6.899 4.688 1.778 0.024 1.635 7.559 3.314 4.406 5.000 6.545 0.024 

2013 13.264 2.789 0.096 1.797 2.448 8.052 4.409 4.978 5.067 5.308 0.096 

2014 6.270 1.709 0.576 0.573 1.839 10.793 3.568 4.282 4.521 4.566 0.573 

2015 8.941 6.040 4.049 2.087 1.152 11.779 7.110 8.085 8.165 8.384 1.152 

2016 9.283 4.444 2.576 0.580 1.931 14.503 6.190 7.624 7.717 7.925 0.580 

2017 4.990 4.914 3.601 0.473 0.033 14.712 4.853 7.267 7.267 9.336 0.033 

 

Based on the results it was indicated that the most efficient and environment friendly 

countries in crop production sector are Greece, Spain, Italy and Malta. To evaluate the impact 

of treating undesirable outputs on the efficiency scores, the results of model 1 and 2 which 

are presented in Figure 1 can be compared. In model 1 the undesirable outputs were 

considered in the productivity assessment while in model 2, undesirable outputs were 

neglected. As it can be seen, there is a big difference between efficiency scores for 

Netherlands, Sweden, Finland, Czech Republic, Germany, France, and Austria when 

undesirable outputs are neglected (mode 2) and  undesirable outputs are considered in the 

DEA model (mode 1). As it can be seen, for the most efficient countries including Italy, 

Spain, Greece, and Malta, equal efficiency scores were estimated for both model 1 and 2. 

The Average efficiency scores for EU countries during 2008-2017 varied between 0.51 and 

0.65, where the least and the highest values were reported for 2009 and 2012, respectively 

(Table 2). 
 

Table 2. Average efficiency scores of EU countries during 2008-2017 for the ideal window width. 

Countries 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 Average SD 

Belgium 0.378 0.361 0.462 0.429 0.502 0.458 0.411 0.441 0.458 0.429 0.433 0.040 

Bulgaria 0.646 0.515 0.628 0.848 1.000 1.000 0.544 0.588 0.767 1.000 0.753 0.186 

Cyprus 0.906 0.891 0.723 0.887 0.584 0.644 0.383 0.712 0.657 1.000 0.739 0.176 

Czech Republic 0.510 0.415 0.491 0.548 0.458 0.454 0.459 0.416 0.421 0.418 0.459 0.043 

Denmark 0.459 0.367 0.502 0.496 0.569 0.496 0.494 0.480 0.430 0.486 0.478 0.050 

Germany 0.389 0.367 0.378 0.376 0.446 0.429 0.413 0.419 0.426 0.432 0.408 0.026 

Greece 1.000 1.000 1.000 0.979 0.973 0.833 1.000 0.902 0.896 1.000 0.958 0.057 



 

132 
 

Spain 1.000 0.800 1.000 0.949 1.000 0.889 0.822 0.947 1.000 1.000 0.941 0.074 

Estonia 0.380 0.362 0.399 0.434 0.548 0.413 0.419 0.481 0.391 0.466 0.429 0.053 

France 0.604 0.501 0.683 0.664 0.657 0.550 0.575 0.630 0.566 0.586 0.602 0.054 

Hungary 0.622 0.392 0.597 0.664 0.676 0.607 0.661 0.652 0.716 0.638 0.622 0.084 

Ireland 0.364 0.328 0.394 0.404 0.383 0.367 0.379 1.000 0.347 0.394 0.436 0.189 

Italy 1.000 0.944 1.000 0.938 0.949 0.929 1.000 0.979 0.914 1.000 0.965 0.032 

Lithuania 1.000 0.395 0.467 0.492 0.534 0.430 0.398 0.466 0.380 0.424 0.499 0.173 

Luxembourg 0.314 0.275 0.324 0.290 0.275 0.279 0.283 0.270 0.226 0.239 0.278 0.028 

             

Latvia 0.417 0.329 0.350 0.350 0.455 0.367 0.350 0.431 0.396 0.416 0.386 0.040 

Malta 1.000 0.700 0.960 0.984 0.950 1.000 0.953 1.000 1.000 1.000 0.955 0.087 

Netherlands 0.669 0.704 1.000 0.736 0.842 0.707 0.638 0.680 0.687 1.000 0.766 0.128 

Austria 0.591 0.437 0.565 0.685 0.651 0.570 0.421 0.481 0.525 0.531 0.546 0.081 

Poland 0.454 0.411 0.515 0.515 0.524 0.473 0.461 0.479 0.457 0.480 0.477 0.033 

Portugal 0.509 0.502 0.517 0.494 0.532 0.559 0.537 0.559 0.575 0.603 0.539 0.033 

Romania 0.721 0.630 0.698 0.860 0.845 0.771 0.681 0.823 0.932 1.000 0.796 0.111 

Finland 0.301 0.259 0.389 0.440 1.000 0.569 0.464 0.531 0.451 0.513 0.492 0.193 

Sweden 0.415 0.348 0.402 0.482 0.559 0.524 0.512 0.507 0.554 0.542 0.484 0.069 

Slovakia 0.400 0.278 0.354 0.496 0.410 0.405 0.355 0.330 0.383 0.362 0.377 0.055 

Slovenia 1.000 0.790 1.000 0.957 0.769 0.601 0.573 0.964 0.930 1.000 0.858 0.157 

United 

Kingdom 
0.365 0.333 0.425 0.406 0.393 0.380 0.366 0.363 0.382 0.410 0.382 0.026 

Average 0.608 0.505 0.601 0.622 0.648 0.582 0.539 0.612 0.588 0.643 ----- ----- 

SD 0.248 0.216 0.234 0.221 0.218 0.199 0.196 0.221 0.225 0.263 ----- ----- 

  

3.2. Comparison of new and conventional DEA models 

In this section, two conventional DEA models including a SBM-WDEA model without 

considering undesirable outputs (called model 2) and a SBM-DEA model incorporated with 

undesirable outputs (without window analysis) (called model 3) were compared with a SBM-

WDEA model incorporated with undesirable outputs (called model 1). The results of these 

comparisons showed the lowest average efficiency score for model 1 (0.60) and followed by 

model 3 (0.64) and model 2 (0.69). As it can be seen in Figure 1, the average efficiency score 

of each country during 2008 and 2017 were the lowest in model 1 while the majority of 

countries had the greatest efficiency scores in model 2. Lower efficiency scores from model 1 

indicated that the this model can compare and evaluate the DMUs better than the models 2 

and 3 (You & Yan, 2011). The SD was calculated as 0.23, 0.18 and 0.25 for models 1, 2 and 

3, respectively. The coefficient of variation (CV) which is defined as the ratio of SD and the  
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mean, showed equal variability among DMUs applying models 1 and 3 (CV ≈ 0.39), while 

CV was calculated 0.26 for model 2. The obtained efficiency scores from different models 

showed an almost equal ratio of DMUs were efficient based on model 1 (12%) and 2 (11%) 

while for model 3, around 29% of DMUs were determined as the efficient DMUs. This 

results confirmed that window analysis could estimate the efficiency of DMUs better that the 

non-window models. This finding was in agreement with the results obtained by Lin et al. 

(2018). Comparison of model 1 and 2 revealed that although the ratio of efficient DMUs was 

calculated equal for these models, the average efficiency score for model 1 was lower. This 

result indicated that by treating undesirable outputs in a W-DEA model, countries are 

compared and evaluated more accurately and the productivity is not overestimated. Due to 

the different nature of desirable and undesirable outputs, undesirable outputs should be 

distinguished in the DEA models, whereby both desirable and undesirable outputs are 

considered. The results of models 1 and 2 were in agreement with You and Yan (2011) and 

Hua, Bian, and Liang (2007) in which it was mentioned that disregarding the undesirable 

outputs in DEA models increases the estimated efficiency scores. 

 

Figure 1. Comparison of the average efficiency scores in new (model 1) and conventional DEA models (model 2 and 3) 

for EU-27 countries. The models 1, 2 and 3 are SBM-WDEA model incorporated with undesirable outputs, SBM-WDEA 

model without considering undesirable output, and SBM-DEA model incorporated with undesirable outputs (without 

window analysis), respectively. 
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4. Conclusion 

In this study we applied a SBM-WDEA model incorporated with undesirable outputs for 

evaluating the crop production sector of 27 EU countries. Data of average input costs (€ ha-1) 

(including fertilizer, protection, seed and other costs) as the model inputs, the gross domestic 

product (€ ha-1) and the total GHG emissions (kg CO2-eq ha-1) as the model desirable and 

undesirable outputs were collected from databases. The model with four windows was 

specified as the ideal window width by evaluating the efficiency scores of ten WDEA 

models. Obtained results for the model with ideal window width showed the higher efficiency 

scores for Spain, Greece, Italy and Malta. To evaluate the new model with the conventional 

ones, the results of a SBM-WDEA model incorporated with undesirable outputs was 

compared with a SBM-WDEA model without considering undesirable output, and a SBM-

DEA model incorporated with undesirable outputs (without window analysis). The results of 

this comparison showed the lowest average efficiency score for model 1. The SD was 

calculated as 0.23, 0.18 and 0.25 for models 1, 2 and 3, respectively. Based on the obtained 

results it was concluded the model 1 can measure the efficiency scores of EU-27 countries 

more accurately and without overestimation. 
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