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ABSTRACT

This study assesses inputs use efficiency of durum wheat farmers, subscribed under a common Agricultural
Decision Support System (ADSS), especially designed by Barilla and HORTA for this cultivation. Data
Envelopment Analysis was the main analysis used to highlight differences in the implementation stage of
ADSS’s suggestions, between 4 agricultural firms (2 Italian and 2 Greek) (N= 563 farmers). By incorporating
economic (variable costs) and environmental factors (Carbon, Water and Environmental footprints),
performance differences between farms both on regional and national level arose. Lastly, closer
monitoring for clarifying the reasoning of the obtained differences in the implementation stage is
proposed.
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1 Introduction

The modern agricultural sector faces important and urgent challenges such as food security, overpopulation, climate
change, and increased prices in all inputs (mainly in electricity, diesel, and fertilizers) (Fellmann et al., 2018). The COVID-
19 pandemic enhanced the effects of the above-mentioned issues, while as Sridhar et al. (2022) stated, the adoption of
new technologies which contribute to the collection, processing and transmission of information both in farm and off-
farm operations is the on-going revolution after the mechanization of the agricultural sector; this leads to food systems
of increased resilience. Moreover, there is a global demand for enhanced environmental protection and quality
agricultural products, as well as lower prices, while preserving improved welfare for rural communities. Considering
that agriculture is dependent on a series of exogenous factors (type of cultivation, pests, temperature, precipitation,
soil type etc.), there is a need for collecting and analyzing all available information to make decisions of decreased risk.
This has led to the escalation of Agricultural Decision Support Systems (ADSSs), a fact that confirms the necessity of
their existence. ADSSs are applications that provide cultivating directives based on given data related to specific
agricultural practices (application of agrochemicals, irrigation, fertilization, and timing of each one) and climatic data
like temperature, wind speed or moisture level (Jakku and Thorburn, 2010).

Mir et al. (2015) provide an extended classification of ADSSs based on their contribution for solving farm-related issues
such as nutrient balance, pest management, irrigation, and crop planning. Precise identification of target values of each
of the above-mentioned aspects leads to the minimization of exploited resources (both economic and environmental),
resulting in agricultural systems of higher efficiency (Saiz-Rubio and Rovira-Mas, 2020). In particular, ADSSs specialized
in wheat and durum wheat cultivation are dealing with managing fungi infections (Rossi et al., 2015) irrigation (Chemak
et al., 2020) or fertilization (Pooniya et al., 2015). Rossi et al. (2010) proposed an integrated durum wheat ADSS which
includes weather, soil, planting and harvesting parameters, however, the economic and environmental dimension was
merely explored.

The objective of this study is to clarify efficiency differences between Greek and Italian farmers that operate under a
common ADSS specialized in durum wheat cultivation, considering both economic and environmental factors. The
suggestions of an ADSS are not immediately applicable and it is under the farmer’s discretion whether they will be
implemented or not. For this reason, it was considered appropriate to assess the stages in which this relationship
between technology and the human factor is formed in the Literature review (Section 2), also embodying an overview
of efficiency assessment methodologies. State-of-art (Section 3) clarifies the contribution of the paper compared to
similar surveys. The Methodology part (Section 4) presents the Data Envelopment Analysis (DEA) and its applications in
this paper regarding the economic and environmental performance of Italian and Greek durum wheat farmers. In the
Results section (Section 5), descriptive statistics of the involved variables and acquired efficiency scores for the two
countries are analyzed. Discussion and study limitations section (Section 6) assesses the peculiarities of DEA
implementation in the agricultural sector. Lastly, in the Conclusions section (Section 7) final remarks regarding the use
of ADSS in the agricultural sector are being made.

2 Literature review

2.1 Farmers relationship with ADSS

Focusing on ADSSs and their relationship with end-users, there are four concrete stages that can be assessed to clarify
the factors affecting ADSS and farmers cooperation as Figure 1 presents: (a) creation, (b) use, (c) evaluation of the
acquired results, and (d) redesign. Referring to the first stage of ADSSs, many of them are designed for fulfilling one
specific goal like water-saving from irrigation (Navarro-Hellin et al., 2016; Viani et al., 2017), optimum fertilization
(Villalobos et al., 2020), and chemical elements’ runoff (Drohan et al., 2019).

Furthermore, the second stage of use, the interaction of both sides (ADSSs and farmers) should be assessed. From the
ADSS aspect, ease of use, friendliness to the end-user, cost, and trust in the achieving results are critical factors for ADSS
to be adopted, but as Rose et al. (2016) state, the adoption rate is still very low. After reviewing 13 ADSSs, Zhai et al.
(2020) concluded that a simplified version of the interface is essential for increased understanding of the results from
the farmers’ side, while on the other side an interdisciplinary approach (data analysts — agro-managers — farmers) is
needed for a concrete ADSSs’ outcome evaluation. The aforementioned results are validated by Rossi et al. (2019),
highlighting two factors: a) user-friendliness in ADSSs and b) the necessity of synergies-making for sharing knowledge
and experience.
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Figure 1. The four stages of ADSSs and famers interaction.

Onthe farmers’ perspective, many factors have influenced them for adopting an ADSS. Management of uncertainty and
risk are significant motives for adoption. There is evidence that farmers are risk-averse, meaning that they choose
options with less risk even though their potential income is lower (lyer et al., 2020). The same review states that there
is an increasing trend for surveys that assess risk measurement in the last decade, especially nowadays that the
occurrence of unexpected extreme weather events is more frequent due to climate change. Moreover, decisions are
being affected from the space and time as Viergutz and Schulze-Ehlers (2018) indicate. It should also be stated that the
cost of using these systems, particularly the return-on-investment proportion, is a restricting factor (Yigezu et al., 2018).

The evaluation of the acquired results is necessary for the acceptance or not of the proposals of the ADSS by a larger
group of people. For instance, Chen et al. (2020) evaluated an ADSS for cotton irrigation, proving that its use increased
the final yield by 32%. Moreover, due to the increased number of ADSSs, researchers often implement more than one
at a time to evaluate their results (Bonfante et al., 2019). This stage is of particular importance, especially for systems
where Artificial Intelligence is used, for further model training and greater results assurance (Vivek and Jesma, 2019;
Partel et al., 2019).

Last step concerns the implementation of major or minor redesign both for the ADSS and farmers. Participatory
approaches are requested to demonstrate the weak spots of such systems and help on increasing the utility of ADSS
(Cerf et al., 2012). The educational level of farmers increases their productivity and their understanding about the
current needs of the food supply chain, but field schools could help on further familiarize with ADSS (Paltasingh and
Goyari, 2018). In other words, a coordinated effort is needed from both sides (ADSS and farmers) to achieve higher
levels of cooperation.

2.2 Efficiency assessment

Data Envelopment Analysis (DEA) and Stochastic Frontier Analysis are the most well-established techniques when it
comes to efficiency measurement in the agricultural sector (Lampe and Hilgers, 2015). For instance, llahi et al. (2019)
have assessed wheat production in the Chinese regions, considering greenhouse gas emissions as undesirable outputs,
proving that the average inefficiency gap for the examined farmers is around 30%. Similar results were obtained from
Janusz Gotaszewski et al. (2014) when exploring energy efficiency differences between 6 European countries (Germany,
Netherlands, Finland, Poland, Greece and Portugal) on wheat cultivation by implementing DEA methodology. Moreover,
DEA has been used for the eco-efficiency assessment of wheat production in the Italian regions, signifying regional
changes between 2004 and 2017 (Coluccia et al., 2020), emphasizing to the environmental impacts of agricultural
activity. DEA can be combined with Malmquist index in order to highlight annual efficiency changes in a given time
period (Forleo et al., 2021).

Significant effort was also made by the implementation of similar techniques such as Material Flow Analysis to evaluate
the economic and environmental dimension of durum wheat production in the Italian region (Bux et al., 2022). The total
factor productivity can also be assessed by using Fare-Primont productivity index (Reziti and Zangelidis, 2019). For
instance, Xiu-Shuang and Kang (2021) have used the above-mentioned index to clarify efficiency differences in Chinese
wheat production. Although results indicate that there is a slight increase (~¥10%) regarding the total factor productivity,
farmers’ profitability was decreased by 25%, raising awareness about the food security issues and the future of rural
areas.
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3 State of the art

Combining the aforementioned surveys regarding the relationship of farmers with ADSS and efficiency assessment, it
appears that only a few surveys have been carried out on evaluating the acquired results after the implementation of
the ADSSs suggestions. For instance, vite.net which is a holistic ADSS for viticulture was set into action on multiple
vineyards in Italy, testing not only the suggestion of the system, but also researchers monitored the implementation
level of suggested actions and level of overall satisfaction of the end-user (Rossi et al., 2014). In comparison to the latter
paper which focuses on the interaction between farmers and ADSS, our article additionally assesses the economic and
environmental performance of farmers supported by the same ADSS. More precisely, data collected through
granoduro.net (GD.NET), which is a holistic ADSS specialized in durum wheat production, co-designed by Barilla and
HORTA in 2009, were used for the performance evaluation of the farmers (HORTA, 2012). GD.NET integrates and
processes data from different sources to produce simple and effective alarms for durum wheat farmers. Collected data
are referring to four different firms, two Italian and two Greek ones for the cultivation period 2020-2021. It should be
underlined that all firms are operating under the suggestions of the above-mentioned ADSS, creating a common
environment for all the involved farmers.

Taking into account the current status of ADSS adoption and the increased need to ensure an adequate amount of food
due to the ongoing Russian-Ukrainian war, a specific type of wheat was selected for this study. Durum wheat is raw
material for pasta making due to its high protein concentration, thus only a few areas around the globe satisfy its climatic
needs. Italy and Greece are neighboring countries that both fulfill durum wheat needs, operating under the same ADSS.
Minimizing the influence of external factors and ensuring that farmers are provided with suggestions from the same
system, this study focuses on the evaluation stage of GD.NET aiming to explain:

a) if GD.NET suggestions were leading to greater input use efficiency and
b) if the suggestions of GD.NET are being followed by farmers.

4 Methodology

4.1 Data Envelopment Analysis (DEA)

Focusing on the objectives of this paper, DEA has been applied, to assess inputs use efficiency of durum wheat
producers. DEA is a well-established non-parametric benchmarking technique, which takes advantage of linear
programming principles to estimate measures of technical efficiency of different units (Charnes et al., 1978) . The
optimization method can be either input-oriented, minimizing the used inputs or output-oriented, maximizing the
produced outputs (Moutinho et al., 2018; Bournaris et al., 2019). Input-oriented approach was selected, for minimizing
the environmental impact of durum wheat cultivation and the amount of money spent by farmers (Skevas et al., 2014).
Moreover, the amount of final yield is not secured every year, and this is another reason why the risk should be
mitigated by using the least inputs needed (Galanopoulos et al., 2006). It should be noted that the same dataset can be
treated by applying both approaches.

Explaining DEA methodology in further details, it should be mentioned that there are two main models. The first one is
the Constant Returns to Scale (CRS), which assumes that the increase of one unit of input is increasing the output at the
same way. Additionally, Variable Returns to Scale (VRS) assumes that the relationship between Inputs and Outputs is
not constant but it can be either increasing or decreasing. Every unit, which makes decisions about inputs use and
achieved outputs, is called Decision Making Unit (DMU). Each durum wheat farm is considered as a DMU that decides
for the used amount of inputs. The most efficient DMUs are receiving a score of 1, formulating the efficient frontier. On
the contrary, the least efficient DMUs score from 0.99 to 0.
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From a mathematical perspective, the above-mentioned problem can be used both for input-oriented CRS and VRS DEA
model by using the following formulas:

Constant Return to Scale (CRS)
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A =1 (5)

Where: n DMU;j (j= 1,...,n) use xij as inputs (e.g. seeds, fertilizers etc) producing yj as outputs (e.g. durum wheat yield),
Aj is a non-negative constant while s;and s;' are the input and output slacks accordingly. To characterize a DMU as fully
efficient, both conditions should be met: the efficiency score 6 should be equal to 1 and slacks should be equal to zero.
The absence of the non-Archimedean value (g) would lead to the infeasibility of identifying the most efficient DMUs
(Toloo, 2014). As a final step, Scale Efficiency (SE) has been computed by equation (6)

CRS;

SEi = Vgs, ®)

Where CRS; and VRS; are the efficient scores obtained for each DMU with the use of the aforementioned models (eq.

(1)-(5)).

4.2 Models’ specification

Taking into consideration the above-mentioned methodological part, GD.NET dataset, , was used to assess input use
efficiency of durum wheat farmers referring to the cultivation year of 2020-2021. Two models were created for
measuring technical efficiency of all DMUs involved. The first one (EconDEA) enables only the variable costs of durum
wheat cultivation (Seeds, Fertilizers, Plant Protection Products, Diesel, Labour and Yield), while the EcoDEA model,
incorporates both economic and environmental factors. More accurately, Carbon Footprint, Water Footprint and
Ecological Footprint, were assessed under the common name of CWEFs. CWEFs were treated as undesirable factors in
the EcoDEA model, after the linear monotone decreasing transformation as proposed by Seiford and Zhu (2002). It
should be mentioned that CWEFs values were provided immediately by GD.NET. Table 1 provides an overall summary
of the involved variables per model. The analysis process was conducted in the RStudio using rcompanion (for Median
differences), deaR (Benchmarking) and ggplot2 (Visualisation) libraries (Mangiafico, 2016; Wickham, 2016; Coll-Serrano
etal., 2022).

This paper is separated in two distinct parts. The first one provides descriptive statistics of all variables involved
conducting Mood’s Median test in order to assess differences between the involved variables. It should be noted that
both descriptive statistics and the DEA section part are referring to the functional unit of final production of Durum
Wheat per Hectare (Ha) under 13% moisture level. Moving forward to the next part, the acquired results of EconDEA
and EcoDEA are presented. Both CRS and VRS results were calculated for the two models to compute Scale Efficiency.
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Table 1.
Inputs and Outputs used per DEA function.
EconDEA EcoDEA
Inputs Seeds Seeds
Fertilizers Fertilizers
Plant Protection Products Plant Protection Products
Diesel Diesel
Labour Labour
Outputs Yield Yield
Carbon Footprint
Water Footprint
Ecological Footprint

5 Results

5.1 Descriptive statistics

As presented in the Methodology section, the first part of the results was referring to descriptive statistics of all variables
involved in the analysis, highlighting differences between their medians. In total, 563 durum wheat farms have been
assessed, 328 (58%) for the Italian sample and 235 (42%) for the Greek sample. Since the data presented are highly
confidential, the names of participating firms in the analysis were changed to 11 229 (41%), 99 (18%) and G1 202 (36%),
G2 33 (6%) for the Italian and Greek firms respectively.

Table 2 presents descriptive statistics of inputs and output per firm. More precisely, G1 uses the greatest amount of
seeds between the four firms, while both Greek firms have higher median values than 11, 12. Fertilizers use indicates
that I1 is again the best performer while G1 displays the largest consumption. Regarding Plant Protection Products use,
it is evident that 12 has the largest median value, considerably higher than the ones of other firms. Examining Plant
Protection Products in national level, it appears that Italian firms are presenting higher median values compared to the
Greek ones. It should be stated that G2 has a very small value of Standard Deviation, which is under consideration for
data quality. Apart from G1, which has the greatest value and the largest interquartile range, all the other firms display
almost similar median values regarding diesel consumption. G1& G2 present similar median values, while G2 and 11
have lower medians. Labour variable presents similar characteristics for G1 and 12 which have the higher medians
between the four samples. A smaller standard deviation is observed again for G2 firm. In terms of yield, |11 has the largest
median score, considerably higher than the other firms. G2 and 12 display similar median scores and G1 ranks fourth in
this comparison.

Considering CWEFs, median score of Carbon Footprint is similar for G1 and 12, 11 displays the lowest median value, while
G2 displays a great volatility despite the small number of included farms. G2 has a considerably higher median value
regarding Water footprint and 11 displays the lowest median value followed by the smallest standard deviation between
the four firms. Environmental footprint expresses the numbers of affected hectares for the production of one tonne of
final product. 11 seems to have the least impact, while the rest of the variables present similar median scores. Lastly,
although the cultivated area was not inserted in the DEA models, it considered appropriate to be further analyzed. The
average cultivated area of the sample is 9.25 ha and apart from 12 which presents a larger standard deviation and some
extreme outliers (n=8, >50ha), all the other firms present similar variances.

An extended version of Table 2 (Table Al) containing additional information about minimum, maximum, and mean
values can be found in the Appendix section as well as a boxplot for each of the involved variables in the DEA process
(Figures A1-A9). Embodied letters in the boxplot figures signify median differences as indicated from Mood’s median
test.
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Table 1.

Descriptive statistics of GD.NET dataset per country and per firm.

Greece N=235 Italy N=328
ch teristi Overall, G1, G2, 11, 12,
aracteristic N = 5631 N =202t N = 331 N =229t N =99t
Seeds 41.50, 56.65, 44.50, 31.40, 43.30,
(kg/t of final (19.70), (18.38), (3.77), (16.18), (15.95),
product) [32.50-55.90] [45.42-67.97] [42.80-46.90] [27.20-36.40] [38.35-51.55]
Fertilizers 78.90, 94.00, 87.80, 64.40, 89.70,
(kg/t of final (36.37), (35.96), (7.24), (31.37), (39.78),
product) [59.90-101.40] [67.12-118.83] [86.20-92.70] [53.10-78.00] [73.95-
108.75]
Plant Protection 0.39, 0.18, 0.10, 0.51, 0.77,
Products (0.39), (0.15), (0.02), (0.39), (0.37),
(kg/t of final [0.17-0.65] [0.11-0.33] [0.09-0.10] [0.38-0.74] [0.57-0.97]
product)
Diesel 23.00, 31.00, 23.00, 21.00, 19.00,
(L/t of final (10.73), (9.73), (4.53), (10.85), (5.91),
product) [20.00-29.00] [25.00-37.75] [21.00-25.00] [19.00-24.00] [17.00-21.00]
Labour 18.00, 22.16, 17.97, 14.26, 20.18,
(€/t of final (8.83), (8.20), (2.83), (8.56), (8.26),
product) [14.08-23.00] [17.70-28.06] [15.39-19.83] [12.26-16.93] [16.33-24.90]
Yield 5.24, 3.84, 5.11, 7.07, 5.25,
(t/ha) (1.83), (1.13), (0.29), (1.52), (1.32),
[3.92-6.96] [3.16-4.71] [4.66-5.14] [6.20-7.89] [4.31-5.73]
Carbon Footprint 0.39, 0.43, 0.39, 0.34, 0.44,
(COzeq/t of final (0.15), (0.13), (0.16), (0.14), (0.16),
product) [0.33-0.48] [0.37-0.52] [0.35-0.67] [0.29-0.39] [0.39-0.51]
Water Footprint 1,394 2,099, 1,539, 1,169, 1,356,
(m3/t of final (457.52), (307.10), (204.76), (94.62), (219.58),
product) [1,201-1,950] [1,827-2,271] [1,517-1,882] [1,110-1,229] [1,318-1,563]
Ecological 0.53, 0.72, 0.56, 0.39, 0.53,
Footprint (0.24), (0.22), (0.03), (0.19), (0.20),
(Global ha/t of final [0.40-0.70] [0.58-0.86] [0.54-0.58] [0.35-0.45] [0.49-0.63]
product)
Area 5.00, 4.59, 2.30, 5.00, 13.00,
(ha) (13.25), (8.88), (4.03), (6.15), (23.90),
[3.00-10.00] [2.86-7.50] [1.00-5.00] [3.00-8.00] [7.00-25.50]

Median, (SD), IQR[25%-75%]

5.2 DEA Results

Considering the increased number of factors affecting durum wheat production, like weather conditions, seed quality,
agrochemical active ingredients, soil type etc, input use efficiency was tested on a national level, so as to provide a clear
description of best and worst practices. For both countries, an overallillustration of inputs to outputs in monetary values
is presented, followed by efficiency scores for EconDEA and EcoDEA models in national and firm level. Moreover, target
values of CWEFs were compared with the initial values to indicate potential reductions after the optimization process,
according to the acquired data from best performers. Given the fact that VRS model has greater adaptability to the
dataset under consideration, incorporating in a better way the existing variability, it was selected as the main model for
results visualization. However, CRS efficiency scores were also calculated to estimate the Scale Efficiency. In the
following section, there is a detailed description for both countries and firms.
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5.2.1 Italy

Figure 2 presents the results of EconDEA in a bar plot, revealing that the greatest part of farmers (63,1%) acquired
efficiency scores between 0.7-0.9, meaning that they should reduce their inputs by 10-30% accordingly. Additionally,
considering only economic dimension, scale efficiency scores indicate that farmers should adjust their farms size in
order to operate at optimum scale. However, ECODEA model results for scale efficiency suggest that the majority of the
farmers (71%) are operating at optimum farm size when environmental factors are enabled. Moreover, a positive image
is depicted for VRS efficiency scores as well, where farmers are achieving higher efficiency scores. In other words, the
inclusion of are ameliorating farmers’ performance providing an intergrated approach regarding the agricultural
activities of Italian durum wheat farmers.

Figure 3illustrates 11 and 12 differences in a density plot. It is apparent that 11 utilizes in a more efficient way used inputs
since it dominates over 12 at efficiency scores higher than 0.85. It should be noted that there is an ongoing assumption
that external factors (climate, weather conditions, etc.) affect the production process in the same way for every farm
participating in this assessment. Moreover, in Table , median scores for 11 and 12 are presented, corresponding to 0.86
and 0.77 respectively. It is very promising that 12 farms achieved an efficiency score of 1.00, considering that this score
arose after its comparison with farms of 11, meaning that in both samples there are efficient producers (efficiency
score=1).

Results of EconDEA and EcoDEA models for Italian firms
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Figure 1. VRS and Scale Efficiency scores for the Italian sample (EconDEA & EcoDEA).

From another perspective, |12 has a greater need for inputs without achieving the same output as I1. Figure 4 presents
the used inputs to output in monetary values through a scatterplot. The majority of 12 farms need more Inputs to achieve
the same or smaller outcome in most cases. However, it is apparent that there is a tendency for inputs minimization in
the Italian sample.
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Efficiency scores for Italian firms
VRS efficiency results

Firm

e

Proportion (%) of occasions

05 086 07 08 0.9 1.0
VRS Efficiency scores

Figure 2. VRS Efficiency scores distribution for Italian firms (EcoDEA).

Table 3
Descriptive statistics of VRS efficiency scores per Italian firm
11, N=229 12, N=99
EcoDEA Min. 0.58, 0.62,
VRS efficiency scores Median 0.86, 0.77,
Mean 0.85, 0.79,
Max. 1.00, 1.00,
(SD) (0.11), (0.10),
IQR [25%-75%] [0.76-0.94] [0.73-0.83]

Expenses to output illustration for Italian Firms
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Figure 3. Monetary values of inputs used to final output for the Italian firms.

Furthermore, optimization of CWEFs proved that there is a great potential for minimizing the environmental impact of
durum wheat production. More precisely, Figure 4 presents the distributional characteristics of CWEFs as initial values
on the left side of each graph and the distribution of target values after the optimization process in the right side. As
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shown in the following boxplot, Carbon and Ecological footprints can be decreased by 38% and 23% accordingly, while
water footprint has a little potential of 4.6% reduction based on median values.

Optimization of Ecological indicators of Italian firms
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Figure 4. Reduction potential of CWEFs after the optimization process for the Italian farms.

5.2.2 Greece

Figure 5 illustrates the distribution of VRS and scale efficiency results for Greek Firms in a bar plot. Although the
distribution of the acquired efficiency scores seems closely to Figure 1, it should be stated that efficiency scores are
calculated based on the best performer of each region. Most of the farmers (57%) have acquired an efficiency score
between 0.7-0.9, however greater scale inefficiency is presented in the lower bound of the distribution, where 35% of
the examined farms have obtained scores lower than 0.6. The inclusion of the CWEFs has again a positive impact in the
overall assessment for both pure technical and scale efficiency.

Results of EconDEA and EcoDEA models for Greek firms
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Figure 5. VRS and Scale Efficiency scores for the Greek sample (EconDEA & EcoDEA).

Figure 7 presents the acquired VRS efficiency scores through a density graph. It is evident that G2 has a greater
performance than G1, since it is presented with higher proportions for efficiency scores greater than 0.9. Table
displays the descriptive statistics of the acquired efficiency scores per firm. Although their median values are
differing by 0.1, this result is of limited credibility due to the smaller sample of Greek firms(N=33).
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Figure 6. VRS Efficiency scores distribution for Greek firms (EcoDEA).

Table 4.
Descriptive statistics of VRS efficiency scores per Greek firm.

Characteristic G1, N=2021 G2,N=331
EcoDEA Min. 0.54, 0.74,
VRS efficiency scores Median 0.79, 0.90,
Mean 0.81, 0.92,
Max. 1.00, 1.00,
(SD) (0.11), (0.08),

IQR [25%-75%] [0.72-0.89] [0.87-1.00]

Following the same rationale of the Italian sample, Figure 8 illustrates the acquired output per farm given its variable
costs in a scatter plot. Compared to Figure 4, a more disperse distribution of the Greek DMUs is revealed, which is of
particular interest in terms of management practices. In other words, in the Italian sample there is a clear strategy for
inputs minimization, however in the Greek territory there is no tendency neither for inputs minimization nor for outputs
maximization.

Results of ECODEA model for the Greek model reveal that both water and ecological footprints can be reduced by 17%
and 30% accordingly while carbon footprint can be decreased by 9.7% as seen in Figure 8. Compared with the Italian
farms, Greek farms present a smaller potential for reduction on carbon footprint (IT: -38 %), but they should decrease
in higher rates their ecological and water footprint (IT: -23 % & -4.5% accordingly).

32



Leonidas Sotirios Kyrgiakos et al. / Int. J. Food System Dynamics 14 (1), 2023, 22-45

Expenses to output illustration for Greek Firms
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6 Discussion and study limitations

By evaluating the acquired results, several remarks were arisen. Firstly, it is positive that both countries have
representative farms at a proportion of around 10% for the EconDEA model, that is there are several examples of
efficient producers in each sample. Moreover, it is prominent that the inclusion of CWEFs did not decrease the overall
number of farms that have previously achieved high efficiency scores through the EconDEA model. On the contrary the
number of the efficient farms has increased both for the Italian and Greek sample when implementing the EcoDEA
model (Figure 1, Figure 5). Through the previous stated remarks, it is evident that there in a holistic approach in the
overall GD.NET management system, due to the fact that the inclusion of CWEFs would normally lead to lower efficiency
scores, since it would be more difficult for producers to be both economically and environmentally efficient. Another
remark is that scale efficiency has improved, a result that validates the prior point of guidelines that promotes both
economic and environmental aspect of durum wheat cultivation. Regarding the acquired scores per firm, G2 acquires
the highest median value of 0.9; however, the sample of this firm was small (N=33). According to authors’ experience
in the Greek territory, the acquired efficiency results are higher than expected and this may lay to the fact that these
farms were part of agricultural cooperatives. Moreover, a more stretched distribution was anticipated; However,
considering the fact that each sample is evaluated through each best performer, this was not feasible.

Considering solely CWEFs, a greater potential for decreasing Water and Ecological footprint was revealed for the Greek
firms. Proportional reduction of Carbon footprint seems to be greater for the Italian firms. Apart from the proportional
differences, Greek firms have considerably higher Water footprint than the Italian ones, an outcome which should be
further explored for minimizing the exploitation of natural resources.

Figure 1 and 8 provide strong evidence that there are external factors affecting the performance of durum wheat
farmers in the Greek sample, compared to the Italian ones, where there is a clear tendency for inputs minimization from
the Italian part while in the Greek territory a more scattered distribution is illustrated. In this section, sustainability,
agricultural, institutional and data collection issues are discussed, to further clarify the arisen differences between the
two countries.

Enabling sustainability principles at the farm level is a necessity for achieving SDGs, providing clear instructions to agro-
managers and farmers. Although economic and environmental dimensions are embodied in the analysis process,
demographic characteristics of farmers are missing. For instance, inefficiency causes could have been arisen due to
lower educational level of Greek farmers or their unwillingness to participate in agricultural training programs, which
are significant factors according to Li’s et al. (2021) recent results. However, it should be stated that new technologies
adoption also enhances the social dimension, contributing to sustainability achievement in rural areas (Weber et al.,
2022).

Assessing the agricultural dimension of the DEA benchmarking, it is crucial to acquire more insights by using specific
data for each farm. It seems that the tillage method and application timing of fertilizers are significant for durum wheat
output (Devkota and Yigezu, 2020). Consequently, detailed monitoring of each individual agricultural activity is a
necessity. Moreover, additional information is needed to assess the impact of previous crops in the final outputs of
durum wheat, ameliorating both the economic and environmental performance (Alletto et al., 2022).

The selection of durum wheat cultivars is another factor that should be explored, since focusing only on efficiency
improvement leads to a narrow approach of cultivars, which may not be the essential ones under extreme weather
conditions (such as extended drought or heat) (Dettori et al., 2022). It should be also stated that effects of climate
change should be measured in the long run (Olakojo and Onanuga, 2020), meaning that appropriate data should be
collected towards this direction. Resilience or otherwise the ability of agricultural systems to be adopted in new
situations, can be evaluated quantitatively and qualitatively in a local region (Meuwissen et al., 2019) on an annual basis
by a composite indicator and thus lead to a tailored made national and worldwide policy making (Anderies et al., 2013).

Furthermore, acquiring a multiple-year dataset would contribute to a clearer benchmarking process for the farmers,
also indicating efficiency changes year by year (Pan et al., 2021). Malmquist productivity index calculates the annual
productivity changes of efficiency of each DMU, contributing to further clarification of external factors’ influence (Forleo
et al., 2021). The inclusion of similar factors would further clarify reasons of inefficiency between Greek and ltalian
firms.

An additional step in the analysis process would be the incorporation of spatial characteristics of each farm which were
absent in our case. Only few surveys have embodied spatial information (Gao and Li, 2014; Tang et al., 2022), as a part
of the benchmarking process, assessing efficiency on a larger scale (regional level) and not on farm level. Depicting
efficiency scores on the map in conjunction with their interactions with other factors, such as those mentioned above
(temperature, humidity, and rainfall) can reveal more information about best farming practices and the environmental
impact of farmers' actions. It is also possible to create thematic maps where the spatial boundaries that allow the
cultivation of the specific crop in an efficient way are perceived, and therefore lead to the reduction of natural resources
waste. Additionally, DEA results validity could have been increased by comparing them with acquired results of other
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similar methodologies, as the ones mentioned in the introduction section, such as SFA (Theodoridis and Psychoudakis,
2008) or Fare-Primont productivity index (Reziti, 2020).

It should be underlined that all firms participating in this analysis are of high entrepreneurial standards, meaning that
farmers are part of a cooperative or they are acting under certain guidelines apart from those ones provided from
GD.net. Farmers' participation in collective schemes seems to increase their efficiency (Ahado et al., 2021; Lin et al.,
2022). Additionally, Veflen et al. (2019) highlight the importance of management and clear guidelines provision for
increasing efficiency, especially in heterogenous collaborative networks, which can be a strong influence in this case.
On the other hand, as it was stated in the Introduction section, trust is a significant aspect between the ADSS and the
farmer, a statement which is also supported from Jakku et al. (2019). Although both Italian and Greek farmers are
expressing skepticism towards the benefits of new technology adoption, there is no clear evidence for differences in
the implementation stage (Pignatti et al., 2015). Lacoste and Powles (2016) state that building an ADSS is a continuous
process of receiving farmers’ feedback and ameliorating the easiness of use to achieve the maximum degree of
implementation rate.

7 Conclusions

In this paper, GD.NET dataset for the cultivation year 2020-2021 was analyzed to assess the economic and
environmental performance of subscribed farmers in this ADSS. Following Barilla’s strategy for sustainability principles
adoption at farm level, the factors that affect the relationship between farmers and the ADSS in all four stages (creation
— use — evaluation - redesign) and the actual results of the implementation process were examined. Results indicate
that there is a tendency in the Italian sample for inputs minimization, while on the Greek sample it seems that the
production protocol is not well defined for the examined year. However, it should be stated that environmental and
institutional factors can contribute to this, as described in the Discussion section. To the best of our knowledge, no other
survey has paid attention to assessing the inputs’ use efficiency results of farmers that cultivate under a common ADSS,
presenting differences in the implementation stage of the ADSS suggestions. As it was proved through the Results
section, GD.NET provides an integrated approach of durum wheat cultivation (both economically and environmentally).
However, differences arisen during the implementation stage, where Italian farmers are aiming to inputs minimization,
while in the Greek territory there is not a clear strategy.

This phenomenon should be further evaluated on the following years for clarifying the reasons that have affected the
Greek sample, or if it was an unexpected event in the Greek durum wheat cultivation timeline. That is the reason why
in this paper the importance of close data monitoring in multiple layers (expenses, application time, environmental and
spatial data) is highlighted, a remark that is a general requirement in the agricultural economics research field (Capalbo
et al, 2017; Coble et al., 2018).

Results of this paper should be also considered under the scope of the Ukrainian war and post COVID-19 era (Glauben
etal., 2022). Their domino effect in the European and global agri-food sector can disrupt food security and cause famine,
especially in regions with low purchasing power. That is the reason why both on the entrepreneurial and national level
saving resources should be a priority, not only to reduce production costs and environmental impact from the farmers’
side, but also to reduce the potential loss of agricultural production due to misuse of cultivated land or resources.
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Appendix
Table Al.
Extended descriptive statistics of the assessed sample
Characteristic Overall, N =563 G1, N =202! G2,N=33! 11, N = 229! 12, N =99
Seeds 15.00, 27.00, 37.20, 15.00, 23.30,
(kg/t of final 46.35, 59.30, 44.30, 34.71, 47.52,
product) 41.50, 56.65, 44.50, 31.40, 43.30,
157.70, 127.50, 56.50, 157.70, 123.90,
(19.70), (18.38), (3.77), (16.18), (15.95),
[32.50-55.90] [45.42-67.97] [42.80-46.90] [27.20-36.40] [38.35-51.55]
Fertilizers 26.50, 37.70, 76.90, 26.50, 38.20,
(kg/t of final 85.91, 97.00, 89.21, 69.85, 99.35,
product) 78.90, 94.00, 87.80, 64.40, 89.70,
272.50, 218.30, 110.60, 266.10, 272.50,
(36.37), (35.96), (7.24), (31.37), (39.78),
[59.90-101.40] [67.12-118.83] [86.20-92.70] [53.10-78.00] [73.95-108.75]
Plant Protection 0.02, 0.02, 0.08, 0.02, 0.14,
Products 0.48, 0.23, 0.10, 0.62, 0.79,
(kg/t of final 0.39, 0.18, 0.10, 0.51, 0.77,
product) 2.41, 0.81, 0.19, 2.41, 2.33,
(0.39), (0.15), (0.02), (0.39), (0.37),
[0.17-0.65] [0.11-0.33] [0.09-0.10] [0.38-0.74] [0.57-0.97]
Diesel 10.00, 12.00, 13.00, 14.00, 10.00,
(L/t of final product) 25.89, 32.52, 21.55, 23.30, 19.83,
23.00, 31.00, 23.00, 21.00, 19.00,
121.00, 73.00, 29.00, 121.00, 52.00,
(10.73), (9.73), (4.53), (10.85), (5.91),
[20.00-29.00] [25.00-37.75] [21.00-25.00] [19.00-24.00] [17.00-21.00]
Labour 7.93, 8.83, 12.13, 7.93, 9.29,
(€/t of final product) 20.02, 23.83, 17.65, 16.24, 21.78,
18.00, 22.16, 17.97, 14.26, 20.18,
92.66, 62.82, 22.77, 92.66, 57.61,
(8.83), (8.20), (2.83), (8.56), (8.26),
[14.08-23.00] [17.70-28.06] [15.39-19.83] [12.26-16.93] [16.33-24.90]
Yield 1.43, 1.78, 4.07, 1.43, 2.02,
(t of final 5.43, 4.00, 497, 6.90, 5.10,
product/ha) 5.24, 3.84, 5.11, 7.07, 5.25,
9.64, 7.89, 5.38, 9.64, 8.20,
(1.83), (1.13), (0.29), (1.52), (1.32),
[3.92-6.96] [3.16-4.71] [4.66-5.14] [6.20-7.89] [4.31-5.73]
Area 0.20, 0.50, 0.20, 0.38, 2.00,
(ha) 9.25, 7.13, 3.91, 6.69, 21.31,
5.00, 4.59, 2.30, 5.00, 13.00,
142.00, 62.20, 14.00, 48.33, 142.00,
(13.25), (8.88), (4.03), (6.15), (23.90),
[3.00-10.00] [2.86-7.50] [1.00-5.00] [3.00-8.00] [7.00-25.50]
Carbon Footprint 0.18, 0.21, 0.31, 0.18, 0.24,
(COzeq/t of final 0.42, 0.46, 0.47, 0.36, 0.48,
product) 0.39, 0.43, 0.39, 0.34, 0.44,
1.32, 0.95, 0.77, 1.32, 1.17,
(0.15), (0.13), (0.16), (0.14), (0.16),
[0.33-0.48] [0.37-0.52] [0.35-0.67] [0.29-0.39] [0.39-0.51]
Water Footprint 1,036, 1,556, 1,502, 1,036, 1,235,
(m3/t of final 1,585, 2,089, 1,678, 1,181, 1,460,
product) 1,394, 2,099, 1,539, 1,169, 1,356,
3,113, 3,113, 2,051, 1,738, 2,279,
(457.52), (307.10), (204.76), (94.62), (219.58),
[1,201-1,950] [1,826-2,271] [1,517-1,882] [1,110-1,229] [1,317-1,563]
Ecological Footprint 0.29, 0.35, 0.50, 0.29, 0.34,
(Global ha/t of final 0.58, 0.74, 0.56, 0.44, 0.59,
product) 0.53, 0.72, 0.56, 0.39, 0.53,
1.94, 1.51, 0.67, 1.94, 1.38,
(0.24), (0.22), (0.03), (0.19), (0.20),
[0.40-0.70] [0.58-0.86] [0.54-0.58] [0.35-0.45] [0.49-0.63]

I Minimum, Mean, Median, Maximum, (SD), QR [25%-75%]
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Figure Al. Seeds used per firm.
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Figure A2. Fertilizers used per firm.
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Figure A3. Plant Protection Products used per firm.
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Figure A4. Diesel needs per firm.
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Figure A5. Labour needs per firm.
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Figure A6. Yield per firm.
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Figure A7. Water Footprint per firm.
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Figure A8. Carbon Footprint per firm.
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Figure A9. Ecological Footprint per firm.
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