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Agricultural sector has a key role in poverty reduction and improving food 
security. One of the important challenges in the agriculture sector is to feed 
the increasing global population. Agriculture has both significant positive 
and negative impacts on environment and is a significant contributor to 
pollution which in turn restricts expansion of the agriculture production. 
Climate change has also attracted attentions in agricultural-environmental 
interactions. Bayesian networks are relatively well recognized and 
employed in different types of environmental modeling efforts. In this 
study a Bayesian network model was designed to investigate the 
relationship between agro-economic-environmental indicators and 
Environmental Performance Index (EPI) in the EU countries compared to 
Middle East (ME) countries that face many challenges for sustainable 
development. Scarcity of water, population growth and degradation of natural 
ecosystems are a few of these challenges. In this study, we showed the 
relationships between influential variables on EPI based on expert 
interview and available data. The results indicated land productivity was 
directly affected by organic agriculture area. It is found that with expansion 
of the organic and conservation agriculture area, productivity can be 
increased in EU Countries. Our findings also showed that with decreasing 
N2O and CH4 emissions, EPI in EU countries increased but it decreased in 
ME countries. Therefore, EU countries have been able to improve the EPI 
and achieve sustainable development objectives due to improved 
agricultural practices and optimum applications of pesticides and fertilizer. 
However, ME countries did not achieve such status. Modeling of agro-
environmental indicators can help policymakers to evaluate the changes of 
agro-ecosystem and apply them even at international scales. 
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Introduction 
The COVID-19 pandemic has threatened 
human health and made the food security 

vulnerable at critical stage in the world 
(United Nations, 2020). Agricultural sector 
has a key role in relation to poverty 
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reduction and improving food security. 
Expansion of agricultural productions has 
also caused higher pollution which in turn 
has restricted increase in production of 
agricultural sector (Li et al., 2019). 
Agricultural sector has an important role in 
sustainability issues (Pretty, 2008; UN, 
2015). Increasing the food production 
requires higher application of chemical 
pesticides and fertilizers (Chakraborty et 
al., 2014). Pesticides and fertilizers 
exposure, can endanger human and 
environmental health. Under such situation, 
sustainable agriculture has become a vital 
issue (Punith Kumar and Indira, 2017). 
Population growth and the associated 
increase in food demand has put pressure 
on water resources and environment (Liu et 
al., 2017; Falkenmark et al., 1989; Alcamo 
et al., 2000; Verosmarti et al., 2000). 
Therefore, preventing the degradation of 
the environment (Pretty, 2008) and 
avoiding the application of agrochemicals, 
with regard to sustainable development is 
vital (Sulewski et al., 2018). Organic 
farming is an agricultural practice aiming to 
achieve the sustainable development, 
improving food security and reducing the 
agrichemicals use (WHO & Food and 
Agricultural Organization, 2015). Organic 
farming can increase the natural fertility 
and potential of agricultural soil 
productivity, especially in communities 
with food poverty. Muller et al. (2017) 
showed that organic agricultural practices 
decreased N-surplus and chemical 
pesticides use.  

Agricultural management factors are 
vital for higher production but inappropriate 
application levels of these factors always 
pose a risk on the environment. Improving 
farming practices can help protect the 
environment and public health (FAO of the 
United Nations, 2011). Agricultural sector 
growth has considerable effects on the 
environment, so protection of 
environmental quality is a major issue in 
sustainable development. Environmental 
performance index (EPI) considers two 
major goals for environmental protection, 
including increasing environmental health 
and ecosystem vitality (Shahabadi et al., 
2017; Zarandi Motasadi and Bebaran, 

2009). The environmental performance 
index is a very important indicator that 
identifies goals to achieve environmental 
efficiency and measures the current position 
of each of the components of this index and 
evaluates the position of each country in 
achieving the desired goals. The EPI also 
provides an effective and valid tool to guide 
policymakers for environment. This index 
is one of the major indicators applied in 
many countries. 

There are few studies on the relationship 
between agro-economic-environmental and 
EPI indicators using Bayesian Network 
(BN). Grotkiewicz (2017) applied Bayesian 
network to investigate the relation between 
sustainability and agriculture. Carpani & 
Giupponi (2010) designed Bayesian 
network to investigate agricultural and 
environmental indicators. Viikari et al. 
(2007) evaluated agro-environmental 
indicators at national level. Mohammadian 
et al. (2020) investigated economic and 
environmental effects of crop 
diversification in Mahidasht plain in Iran. 
Russell et al. (2018) investigated spatial 
assessment of environmental indicators in 
Kazakhstan. Alishah and Longsheng (2020) 
investigated new environmental 
performance indicators for measuring 
environmental performance in major 
sectors in Pakistan. Volkov et al. (2020) 
investigated economic and environmental 
performance of the agricultural sectors of 
the selected EU countries. Their results 
showed that the new EU member states 
have higher performance compared to the 
old member states. Dkhili (2019) 
investigated the relationship between EPI 
and economic growth in Middle East and 
North Africa. Widatat et al. (2019) 
examined the relationship between EPI and 
agricultural productivity. Jafari Samimi et 
al. (2010), investigated the relation between 
economic growth and EPI in developing 
countries. Their results showed a positive 
relationship between EPI and economic 
growth. Safarelizadeh et al. (2017) 
investigated situation of the Middle East in 
terms of sustainable development indices. 
Results indicated that more than 60% of the 
Middle East countries had a moderate 
performance level in regard to sustainable 
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development indicators from 2009 to 2012. 
Kaikkonen et al. (2020) applied BN model 
for environmental assessment across a 
range of ecosystem types and scales. Batary 
et al. (2015) examined the role of 
agricultural-environmental programs in 
protection and environmental management. 

Considering the previous studies and the 
importance of environmental management 
and governments’ interest in improving 
environmental performance, there is a gap 
for comparison of the predictions of the 
impacts of environmental indicators on 
agricultural economic indicators and also 
the impact of pollution on environmental 
performance improvement indicators in the 
Middle East and the European Union. The 
environmental situation and its changes is 
one of the important issues of the new era. 
In the Middle East, there is a growing 
emphasis on investigating the institutional 
requirements of technological 
modernization, expanding local energy 
consumption, and monitoring the pollution 
due to governments’ functions and non-
state actors (Maleki, 2018). Agriculture 
imposes many hazards on the environment 
which needs a complete assessment. 
Common Agricultural Policy (CAP) in 
regard to agro-environment policy was 
considered in the European Union in the 
mid-1980s for declining environmental 
standards. Agro‐environmental schemes 
(AES) help in agricultural management 
(Batary, 2015). Sustainable development is 
a major goal for the European Union in line 
with environmental protection and social 
justice (Radermacher, 2009). Despite their 
many natural resources, Middle Eastern 
countries also have faced many challenges 
in the path of sustainable development. The 
scarcity of water, high population growth 

and degradation of natural ecosystems are 
some of these issues. 

 In this study we investigate the answers 
to likely the relationships between agro-
economic and sustainability development 
indicators in the EU countries compared to 
Middle Eastern countries and the impact of 
agricultural pollution on the EPI. Hence, 
policymakers and researchers can target the 
most important impacts and select Middle 
Eastern and the European Union countries 
that have done better to improve 
environmental performance. Therefore, a 
Bayesian network model was used to 
investigate a general review of the agro-
environmental indicators and pollution 
impacts on agro-economic indicators in 
Middle East and EU. We also assessed 
factors affecting environmental 
performance and provided tips to be used 
for decision makers in the Middle East and 
EU in 2018. Bayesian network is a 
probabilistic model that displays the 
relationship between various variables and 
is able to combine agricultural-economic 
and environmental indicators. Modeling of 
agro-environmental indicators can provide 
policymakers with insight on the changes of 
agro-ecosystem useful at the international 
scale. 
 
Materials and Methods 
Data  
The major objective of our study is the 
assessment of relationships between agro-
economic-environmental indicators and EPI 
in the selected EU and Middle Eastern 
countries using Bayesian Network (BN) 
modeling. Figure 1 shows the agro-
environmental indicators and the relations 
between agriculture and the environment. A 
summary description of the methodology is 
also shown in Figure 2. 
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Figure 1. Flowchart of the study for predicting agro-economic indicators using Bayesian Network 

 

  
Figure 2. Flowchart of the study for FAOSTAT agro-environmental indicators, 2018 
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Geographical location of the study is shown 
in Figure 3 for European union and Middle 

Eastern countries. 

 

 
 

Figure 3. Geographical location of the study  
 
Map of countries based on consumption of 
potash (K2O), nitrogen (N) and phosphate 
(P2O5) and agricultural area as certified 

organic, respectively using GIS software 
are shown in Figures 4-5.  

 

 
Figure 4. Consumption of pesticides, N, P2O5 and K2O, respectively            
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Figure 5. Agricultural area for certified organic 
 

In 2018, 69 million hectares of land area 
in the world were under organic farming. In 
EU in 2017, 7% of the total land was under 
organic farming. The growth of organic 
production by 70% over the past ten years 
indicates the importance of organic 
products (EU, 2019). In 2018, in EU 
countries, 13.4 million hectares of 
agricultural lands were under organic 
agriculture. Figure 1 shows that the area 
under organic farming is more highlighted 
in Spain, Germany, Italy, and France. The 
highest level of agricultural area as certified 
organic is concentrated in Egypt (Figure 1). 
Use of fertilizers in agriculture is the key 
source for greenhouse gas emissions from 
agricultural soils. Mineral fertilizers, such 
as nitrogen (N) and phosphorus (P), are 
widely used in agriculture to optimize 
production. A surplus of nitrogen and 
phosphorus can lead to environmental 
pollution. In 2018, 10.2 million tons of 
nitrogen fertilizer was used in EU 
agriculture, a slight increase of 1.9% since 
2008 (Eurostate, 2018). Based on the 
analysis from FAOSTAT (2017), in the 
considered EU countries (left side of the 

map) the highest level of consumption of N, 
K2O, and P2O5 per hectare occurred in 
Slovakia, Lithuania and Latvia. Among the 
considered Middle Eastern countries, the 
highest level of consumption of these 
mineral fertilizers were recorded in Egypt 
and Jordan. 
 
Environmental Performance Index 
The environmental performance index 
(EPI) is a method of ranking and scoring 
the environmental performance of a country 
toward the sustainable development 
objectives (Shahabadi et al., 2017). In this 
regard, EPI considers two major goals of 
environmental protection, including 
decreasing environmental health and 
ecosystem vitality (Shahabadi et al., 2017; 
Zarandi Motasadi and Bebaran, 2009). The 
components of EPI in 2018 are shown in 
Figure 6. 

Figures 7 illustrates the EPI Score 
for the selected countries as the 
performance of countries in 
environmental degradation prevention. 
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Figure 6. Environmental performance index (EPI), Yale University, 2018 

 

 
Figure 7. Environmental performance index (EPI) in EU and  

ME countries, 2018 
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In 2018, in EU countries, France had higher 
EPI score than other countries and in 
Middle East, Israel had higher EPI score 
than other countries (Figure 7). Therefore, 
these two countries have performed better 
than other countries in preventing 
environmental degradation. 
 
Bayesian Network 
The Bayesian networks are a class of 
probabilistic models (Kaikkonen, 2020) that 
can be applied to decision making under 
uncertainty (Levontin et al., 2011) and 
represent a set of variables without a clear 
causal structure (Carriger, 2021). The 
objective of the Bayesian Network (BN) is 
to represent the independent relationships 
between effective variables and the 
uncertainty associated with these variables 
(Arnaldo Valdés, 2018). The BN provides a 
framework for representing the uncertainty 
of variables in the network and consists of 
three parts: nodes, links and conditional 
probability tables. The nodes are variables, 
and links represent causal relationships 
between nodes (Mamitimin et al., 2015). 
The BN consists of three steps: (1) to 
identify the nodes 2) to create link between 
the nodes; 3) to estimate the probabilities 
for each node (Chai et al., 2020). In this 
study Netica package was employed for BN 
modeling. The BN that was developed here 
is based on major variables and links 
identified through expert knowledge. The 
conditional probability based on Bayesian 
theorem is: 
 
P(A|B) = ()(|)

()
                            (1)                                                                                                                             

 
Where A and B are the two random 
occurrences (Mamitimin et al., 2015), 
 shows the probability of ”(ܣ)ܲ“
occurrences i, and “ܲ(ܤ)” indicates the 
probability of occurrences of B (Mamitimin 
et al., 2015). “ܲ(ܣ|ܤ)” is the conditional 
probability of occurrences of A when 
occurrences of B is occurred" (Mamitimin 
et al., 2015; Pearl, 1988; Koski and Noble, 
2011; Blitzstein and Hwang, 2014). 
 
 

Results and Discussion 
Discrete values are required in the BN and 
for discretization of constant values 
analytical methods can be used 
(Grotkiewicz, 2017). In this study we used 
two-step cluster approach for grouping 
variables. Therefore, 14 variables were 
selected to represent agro-economic and 
agro-environmental indicators and create 
BN structure in the EU countries and 12 
variables for Middle East. Data was 
obtained from the FAOSTAT of 2018. We 
designed various BN models using multi-
scenario approach to investigate the 
relationship between indicators. The BN 
contained 14 nodes and 28 links in the EU 
countries and 12 nodes and 23 links in the 
Middle Eastern countries. Table 1 shows 
variables that were included in the final BN for 
EU countries. 
 
Economic indicators 
Economic indicators and their changes are 
examined by considering environmental 
scenarios. Here 3 economic indicators were 
chosen for the in EU and Middle Eastern 
countries including agricultural value 
added, labor productivity and land 
productivity (Grotkiwicz, 2017).  
 
Agro-Environmental indicators 
Agro-Environmental indicators were 
extracted from FAOSTAT. In this study 11 
agro-environmental indicators, agricultural 
area as certified organic, conservation 
agricultural area, nitrogen, potash, 
phosphate, pesticides, balance per hectare, 
N2O emissions, CH4 emissions, livestock 
units per agricultural land area, and land 
area equipped for irrigation (FAOSTAT, 
2018) in EU counties. Similarly, 10 agro-
environmental indicators including 
agricultural area as certified organic, 
nitrogen, potash, phosphate, pesticides, 
N2O emissions, CH4 emissions, livestock 
units per agricultural land area, and land 
area equipped for irrigation (FAOSTAT, 
2018) were used for the Middle Eastern 
countries. In this study, land productivity 
and labor productivity were calculated as: 
Labor Productivity = ୋୈఽ

ఽ
                (2) 
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Land Productivity = ୋୈఽ
ఽ

                  (3) 
Where, GDP is Gross Domestic Product in 
agriculture (USD) in the EU and ME 
countries, L is Labor force in agricultural 

sector in EU and ME countries, AL is the 
area of agricultural land (ha) in EU and ME 
countries. In Tables 1-2 variables used in the 
final BN for EU and ME countries are shown. 

. 
Table 1. Variables of the final BN for EU countries, 2018 

Variable (node) Prior Probability (Node states) 
Agricultural area as certified organic Low (58.6%), Medium (20.7%), High (20.7%) 
Conservation agricultural area Low (75.7%), Medium (10.8%), High (13.4%) 
Nutrient nitrogen N Low (66.6%), Medium (11.2 %), High (22.2%) 
Nutrient potash K2O Low (63.6%), Medium (20%), High (16.4%) 
Nutrient phosphate P2O5 Low (72.4%), Medium (13.9%), High (13.7%) 
Pesticides Low (46.2%), Medium (28.7%), High (25.1%) 
Balance per hectare Low (33.7%), Medium (44.3%), High (22%) 
Land productivity Low (39.7%), Medium (30.2%), High (30.1%) 
N2O emissions Low (43.6%), Medium (28.4%), High (28%) 
CH4 emissions Low (43%), Medium (29. %), High (28%) 
Agricultural value added Low (53.4%), Medium (46.6%) 
Livestock units per agricultural land area Low (82.1%), Medium (17.9%) 
Land area equipped for irrigation Low (72.4%), Medium (6.90%), High (20.7%) 
Labor productivity Low (30%), Medium (26.7 %), High (26.7%), Very High (16.7%) 

 
Table 2. Variables of the final BN for ME countries, 2018 

Variable Definition/Prior Probability 
Agricultural area as certified organic Low (80%), High (20%) 
Nutrient nitrogen N Low (65.1%), Medium (15.4 %), High (19.4%) 
Nutrient potash K2O Low (42.3%), Medium (26.9%), High (30.9%) 
Nutrient phosphate P2O5 Low (59.4%), Medium (26.9%), High (13.7%) 
Pesticides Low (70.4%), High (29.6%) 
Land productivity Low (55.4%), High (44.6%) 
N2O emissions Low (35.7%), Medium (32.6%), High (31.8%) 
CH4 emissions Low (34.7%), Medium (32.7%), High (32.7%) 
Agricultural value added Low (57.3%), High (42.7%) 
Livestock units per agricultural land area Low (53.3%), Medium (46.7%) 
Land area equipped for irrigation Low (73.3%), High (26.7%) 
Labor productivity Low (68.8%), Medium (18.8 %), High (12.5%) 

 
Figures 8 and 9 illustrate BN with the 

probability distribution of variables in the 
EU and ME countries. The relation between 
variables was built based on expert 
interview and literature reviews. 

In this structure, nodes represent 
variables of BN model. As shown in Figure 
1, conservation agricultural area is directly 
affected by the node agriculture area as 
certified organic, N, K2O, P2O5, and 
pesticides, and balance per hectare are 
directly affected by node conservation 

agricultural area. Agricultural value added 
is also affected by nodes land productivity, 
livestock units per agricultural land area 
and labor productivity. Nitrogen, K2O, 
P2O5, pesticides are directly affected by 
node agriculture area as certified organic 
(Figure 2). Agricultural added value is also 
affected by nodes land productivity, 
livestock units per agricultural land area, 
labor productivity and indirectly by node 
agricultural area for certified organic.  
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Figure 8. Bayesian network with the probability distribution of variables, EU countries 
 

 
 

Figure 9. Bayesian network with the probability distribution of variables, Middle East countries 
 
Scenario Analysis 
Table 2 shows different scenarios and 
posterior probability distribution for 
predicting agro-environmental indicators 
impacts on agro-economic indicator in EU 
and ME countries, in 2018. 
 
Agricultural area for certified organic 
scenario 
 This section discusses the impact of 
agricultural area as certified organic from 
environmental aspect. The results are 
shown in Table 3. 

Table 3 illustrates that agricultural area 
as certified organic (Aaco) and 
conservation agricultural area (Caa) 
influence nodes N, K2O, P2O5, pesticides 
and balance per hectare. Calculated 

parameters in this Table 
are: ܲ( N|Aaco. Caa ), P( K2O|Aaco . Caa ),
 P( P2O5|Aaco . Caa) ,
 P(pesticides|Aaco . Caa ), 
 P൫balance per hectareห P(pesticides|Aaco . Caa)൯   
As an example, when (Aaco=high, 
Caa=high) or (Aaco=high, Caa=medium) or 
(Aaco=medium, Caa=high) or 
(Aaco=medium, Caa=medium) or 
(Aaco=low, Caa=high) or (Aaco=low, 
Caa=medium) Balance per hectare = high. 
When (Aaco=high, Caa=low) or 
(Aaco=medium, Caa=low) or (Aaco=low, 
Caa=low) balance per hectare N= medium. 
However, balance per hectare can be high if 
agricultural area as certified organic is at 
high, medium and low states and 
conservation agricultural area is at high 
state. 
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Table 4. Results of posterior probability distribution for agro-environmental indicators in Middle East 
countries in 2018. 

Agricultural area 
certified organic 

P (Nutrient nitrogen N) P (Nutrient potash K2O) P (Nutrient phosphate 
P2O5) Pesticides 

L M H L M H L M H L M 

High 40% 20% 40% 40% 20% 40% 40% 20% 40% 75% 25% 
Low 71.4% 14.3% 14.3% 42.9% 28.6% 28.6% 64.3% 28.6% 7.14% 69.2% 30.8% 

 
Table 5. Results of posterior probability distribution (%) for economic indicators in EU countries, 2018 

Aaco Caa 
P (Land productivity) P (Agricultural value added) 

L M H L H 

high high 33% 33.6% 33.4% 52.2% 47.8% 

high medium 33.2% 33.5% 33.3% 52.2% 47.8% 

high low 33.3% 33.3% 33.3% 52.3% 47.75 

medium high 33.4% 33.3% 33.3% 52.3% 47.7% 

medium medium 33.4% 33.3% 33.3% 52.3% 47.7% 

medium low 35.9% 32% 32% 52.7% 47.3% 

low high 33.4% 33.3% 33.3% 52.3% 47.7% 

low medium 33.4% 33.3% 33.3% 52.3% 47.7% 

low low 44.8% 27.6% 27.6% 54.2% 45.8% 
As shown in Table 5, (Aaco=high, Caa=high) or (Aaco=high, Caa=medium), Land Productivity= medium and 
Agricultural value added= low, when (Aaco=high, Caa=high) or (Aaco=medium, Caa=medium) or (Aaco=medium, 
Caa=low) or (Aaco=low, Caa=high) or (Aaco=low, Caa=medium) or (Aaco=low, Caa=low), Land Productivity= 
medium and Agricultural value added= low and when (Aaco=low, Caa=low), Land Productivity= low and 
Agricultural value added= low. When Agricultural area certified organic and conservation agricultural area are at 
high state in EU countries, Land Productivity is medium with highest probability of 33.6% and when Agricultural 
area certified organic and conservation agricultural area are at low state in EU countries, Agricultural added value 
and land Productivity at low state with highest probability of 54.2% and 44.8%, respectively. 
 
Results of scenarios analysis in the Middle 
East countries in 2018 are shown in Table 4. 
The results shown in Table 5 indicate when 
Aaco=high or low, N is low. Therefore, 
when agricultural area as certified organic 
is at low state in Middle East countries, N is 
at low state with the highest probability of 
71.4%. 

As shown in Table 6, when Aaco=high,  

land productivity=low or high and 
agricultural value added= low. When 
Aaco=low, land productivity= low and 
agricultural value added= low. When 
agricultural area as certified organic is at 
low state in Middle East countries, land 
productivity and agricultural value added 
are at low state with the highest probability 
of 56.8% and 57.5%, respectively. 

 
Table 6. Posterior probability distribution (%) for economic indicators in East Middle countries, 2017. 

Agricultural area certified organic 
P (Land Productivity) P (Agricultural value added) 
Low High Low High 

High 50% 50% 56.6% 43.4% 
Low 56.8% 43.2% 57.5% 42.5% 

 
Results of increasing the impact of balance 
per hectare on agro-economic-
environmental aspects are also shown 
below. 

The results of analysis in Table 7 
indicate that if balance per hectare =high, 

N2O emissions would be high. When 
balance per hectare=medium or, low, N2O 
emissions=low. However, N2O emissions 
can be low if balance per hectare is at 
medium state. 
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Table 7. Results of posterior probability distribution for agro-environmental indicators in EU countries, 
2018 

Balance per hectare P (N2O emissions) P (CH4 emissions) 
L M H L M H 

high 33% 33.5% 33.5% 33% 33.5% 33.5% 
medium 48.8% 26% 25.25% 47.3% 27.5% 25.2% 

low 43.7% 28.1% 28.1% 43.7% 28.1% 28.1% 
 

The results shown in Table 8 indicate 
that when (balance per hectare =high), land 
productivity is equal to medium and 
agricultural value added is low. When 
balance per hectare is medium, then land 
productivity= low and agricultural added 
value added= low. When (balance per 

hectare =low), land productivity= low and 
agricultural value added= low. However, 
agricultural added value added can be low 
if balance per hectare be at medium state. 
Land productivity can also be low if 
balance per hectare is at medium state. 

 
Table 8. Results of posterior probability distribution for economic indicators in EU countries, 2018 

Balance per hectare P(Land productivity) P(Agricultural value added) 
L M H L H 

high 33.2% 33.5% 33.3% 52.2% 47.8% 

medium 43% 28.5% 28.5% 53.9% 46.1% 

low 39.7% 30.2% 30.2% 53.4% 46.6% 
 
 

 
 

Figure 10. Results of sensitivity analysis of BN for agricultural added  
value, EU and ME, respectively. 

  
Sensitivity analysis  
For validating BN two techniques were 
used: 1) interview with experts 2) 
sensitivity analysis (Korb and Nicholson, 
2011; Sule et al., 2018). Results of the 
sensitivity analysis of BN for agricultural added 
value and land productivity in EU countries are 
shown in Figs. 11 and 12. In this study we 
applied Netica software for sensitivity 
analysis. The variance reduction is used to 
rank the variables from highest to 

lowest importance in terms of impacts on 
the target node. Larger variance reduction 
values indicate highest impact. In Figure 
11, target node is agricultural added value 
in EU countries. 
 As shown in Figures 10 and 11, 
agricultural added value is the target 
variable. The sensitivity analysis indicated 
that the labor productivity variable is the 
most influential variables in EU and ME 
countries. 
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Figure 11. Results of the sensitivity analysis of BN for land productivity, EU and ME, respectively. 

 
Bayesian Network Model for EPI 
In this section, we assessed risk of agro-
environmental indicators on EPI. Table 14, 
shows the impact of agro-environmental 
indicators on EPI. It should be noted that 
impacts of scenario N2O and CH4 emission 

on EPI was analyzed and used for EPI 
calculation. We also investigated the 
scenario of agricultural added value impact 
on EPI. Figures 12 and 13 show the prior 
probability distribution of variables in BN 
for EU and ME countries. 

 

 
Figure 12. Bayesian network with the probability distribution of variables, EU countries 

 
Figure 13. Bayesian network with the probability distribution of variables, Middle East countries 
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The results of N2O and CH4 emissions 
impact scenario on EPI in the EU and ME 

countries are shown in Tables 9 and10. 

 
Table 9. Results of posterior probability distribution EPI in the EU and ME countries, 2018 

Variable 

EU countries 
N2O emissions CH4 emissions 

LOW 
100% 

High 
-  LOW High 

100%  - 

EPI Low 32.9% 
High 67.1% 

 
Table 10. Results of posterior probability distribution (%) EPI in the EU and ME countries, 2018 

Variable 
ME countries 

N2O emissions CH4 emissions 
 
 

LOW       High 
100%       -  LOW       High 

100%       - 

EPI Low 53.4% 
High 46.6% 

 
According to Table 9, in EU countries 

N2O and CH4 emissions lowered EPI 
increases with high probability of 67.1%. 
This issue indicates these countries have 
improved agricultural practices and 
pesticides and fertilizer applications in 
agricultural sector. Therefore, the resulted 
pollution from pesticides and fertilizer 

applications have been highly reduced. In 
ME countries, when N2O and CH4 
emissions decreased, EPI decreased with 
high probability of 53.4%. Therefore these 
countries have not been successful in 
improving the environmental performance 
index and sustainable development 
objectives.   

 
Table 11. Results of posterior probability distribution (%) for EPI in EU and Middle East countries, 2017. 

Variable 
EU countries 

Agricultural value added 
LOW 
100% 

High 
- 

EPI Low 40.7% 
High 59.3% 

 
Table 12. Results of posterior probability distribution for EPI in EU and Middle East countries, 2017. 

Variable 
ME countries 

Agricultural value added 
LOW 
100% 

High 
- 

EPI Low 56.3% 
High 43.7% 

 
Agricultural added value impacts on EPI 

in EU and ME countries are shown in 
Tables 11 and 12. The results indicate that 
in EU countries when agricultural added 
value increased, EPI increased with high 
probability of 59.3%. In ME countries with 
increase of agricultural added value, EPI 
with high probability of 56.3% decreased. 
Therefore, agricultural growth in ME 
countries could not improve EPI. 

Agriculture plays an important role in 
majority of the Middle Eastern countries 
economies, but policymakers have not paid 
much attention to this sector. 

Sensitivity analysis results are shown in 
Figure 14, and according to this figure, in 
EU countries, N2O emissions is highest on 
EPI and in ME countries, the agricultural 
added value is the highest variable on EPI.  
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Figure 14. Bayesian network with the probability distribution of variables,  

EU and ME, respectively. 
 

Conclusion 
It is important to assess the relationship 
between agro-environment and economic 
indicators that reflect sustainable 
development. In this study, a Bayesian 
network model was applied to investigate 
the relationship between agro-economic-
environment indicators in the EU countries 
in comparison with ME countries. We 
showed relationships between variables of 
model based on expert interviews and 
previous studies. Then K-means cluster 
analysis for classification of variables in the 
EU and ME countries was applied. Finally, 
we analyzed the scenarios resulting from 
changing the agricultural area as certified 
organic, conservation agriculture, balance 
per hectare in EU and ME. Our findings 
showed when agricultural area as certified 
organic and conservation agricultural area 
are high in EU countries, land productivity 
is medium with the highest probability of 
33.6%. Therefore, it is predicted that with 
increasing agricultural area as certified 
organic and conservation agricultural area, 
at 100% probability, land productivity can 
be increased with a probability of 33.6% in 
EU Countries. The results also indicated 
that with increasing agricultural area as 
certified organic and conservation 
agricultural area at 100% probability, land 
productivity and agricultural added value 
can be increased with a probability of 
56.8% and 57.5%, respectively in ME 
Countries. This indicates that organic 
farming has the potential for improvement 
of food security. Organic farming should be 

considered as a strategy for community 
development and sustainable food systems 
for food security improvement. The results 
of sensitivity analysis showed that in EU 
countries, labor productivity and land 
productivity have the highest impact on 
agricultural added value and in ME 
countries land productivity has the highest 
impact on agricultural added value. The 
results also showed that decreasing 
pesticide, nitrogen, phosphate, and potash 
consumption, can improve EPI in the EU 
and ME countries. The ME region faces a 
wide array of environmental stresses that 
include water scarcity and air pollution. 
Therefore, ME countries should employ 
different approaches to reform agricultural 
policy to achieve the sustainable 
development objectives. The results suggest 
that agricultural area as certified organic 
creates more added value in agricultural 
sector. Organic farming lead to minimal use 
of fertilizers and pesticides, and can result 
in lower input costs. Organic farming also 
can increase land productivity that has the 
highest impact on agricultural added value.  
The EU and ME countries should seek 
better management and control of 
agrochemicals use. Pollution emission due 
to pesticides and fertilizer use can 
significantly decrease the level of EPI. In 
summary, based on this study, Bayesian 
networks could be applied in more studies 
for investigating agro-environmental 
impacts and environmental management 
modelling.  
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