VILNIUS GEDIMINAS TECHNICAL UNIVERSITY
LITHUANIAN CENTRE FOR SOCIAL SCIENCES

Justas STREIMIKIS

PRODUCTIVITY IN THE CONTEXT
OF SUSTAINABLE AGRICULTURAL
DEVELOPMENT

DOCTORAL DISSERTATION

SOCIAL SCIENCES,
ECONOMICS (S 004)

Vilnius, 2023



The doctoral dissertation was prepared at the Lithuanian Centre for Social Sciences
in 2019-2023.

Scientific Supervisor

Dr Tomas BALEZENTIS (Lithuanian Centre for Social Sciences, Economics —
S 004).

The Dissertation Defence Council of Scientific Field of Economics of Vilnius
Gediminas Technical University and Lithuanian Centre for Social Sciences:

Chairperson

Prof. Dr Rima TAMOSIUNIENE (Vilnius Gediminas Technical University,
Economics — S 004).

Members:

Prof. Dr Daiva JUREVICIENE (Vilnius Gediminas Technical University,
Economics — S 004),

Prof. Dr Astrida MICEIKIENE (Vytautas Magnus University, Economics —
S 004),

Prof. Dr Laima OKUNEVICIUTE NEVERAUSKIENE (Lithuanian Centre for
Social Sciences, Economics —S 004),

Dr Ants-Hannes VIIRA (Estonian University of Life Sciences, Estonia,
Economics — S 004).

The dissertation will be defended at the public meeting of the Dissertation De-
fence Council of Economics in the Senate Hall of Vilnius Gediminas Technical
University at 1 p.m. on 8 December 2023.

Address: Saulétekio al. 11, LT-10223 Vilnius, Lithuania.
Tel.: +370 5 274 4956, fax +370 5 270 0112; e-mail: doktor@vilniustech.It

A notification on the intended defence of the dissertation was sent on 7 November 2023.
A copy of the doctoral dissertation is available for review at the Vilnius Gediminas Tech-
nical University repository, http://dspace.vgtu.lt, and at the Library of Vilnius Gediminas
Technical University (Saulétekio al. 14, LT-10223 Vilnius, Lithuania) and at the Library
of Lithuanian Centre of Social Science (A. Gostauto str. 9, LT-01108 Vilnius, Lithuania).

Vilnius Gediminas Technical University book No 2023-045-M
doi:10.20334/2023-045-M
© Vilnius Gediminas Technical University, 2023

© Justas Streimikis, 2023
Jjustas.streimikis@gmail.com



VILNIAUS GEDIMINO TECHNIKOS UNIVERSITETAS
LIETUVOS SOCIALINIY MOKSLY CENTRAS

Justas STREIMIKIS

GAMYBOS PRODUKTYVUMAS
TVARIOSIOS ZEMES UKIO PLETROS
KONTEKSTE

DAKTARO DISERTACIJA

SOCIALINIAI MOKSLAI,
EKONOMIKA (S 004)

Vilnius, 2023



Disertacija rengta 2019—2023 metais Lietuvos socialiniy moksly centre.

Mokslinis vadovas

dr. Tomas BALEZENTIS (Lietuvos socialiniy moksly centras, ekonomika —
S 004).

Vilniaus Gedimino technikos universiteto ir Lietuvos socialiniy moksly centro
Ekonomikos mokslo krypties disertacijos gynimo taryba:

Pirmininkas

prof. dr. Rima TAMOSIUNIENE (Vilniaus Gedimino technikos universitetas,
ekonomika — S 004).

Nariai:
prof. dr. Daiva JUREVICIENE (Vilniaus Gedimino technikos universitetas,
ekonomika — S 004),
prof. dr. Astrida MICEIKIENE (Vytauto DidZiojo universitetas, ekonomika —
S 004),
prof. dr. Laima OKUNEVICIUTE NEVERAUSKIENE (Lietuvos socialiniy
moksly centras, ekonomika — S 004),
dr. Ants-Hannes VIIRA (Estijos gyvybés moksly universitetas, Estija,
ekonomika — S 004).

Disertacija bus ginama vieSame Ekonomikos mokslo krypties disertacijos gynimo
tarybos posédyje 2023 m. gruodzio 8 d. 13.00 val. Vilniaus Gedimino technikos
universiteto senato posédziy saléje.

Adresas: Saulétekio al. 11, LT-10223 Vilnius, Lietuva.
Tel.: (8 5) 274 4956; faksas (8 5) 270 0112; el. pastas doktor@yvilniustech.It

PraneSimai apie numatoma ginti disertacijq i$siysti 2023 m. lapkricio 7 d.

Disertacijg galima perzilréti Vilniaus Gedimino technikos universiteto talpykloje
http://dspace.vgtu.lt ir Vilniaus Gedimino technikos universiteto bibliotekoje
(Saulétekio al. 14, LT-10223 Vilnius, Lietuva) ir Lietuvos socialiniy moksly centro
bibliotekoje (A. Gostauto g. 9, LT-01108 Vilnius, Lictuva).



Abstract

Sustainable agricultural development is one of the most important policy goals in
the European Union. Agricultural production and its intensification cause a
negative impact on the environment, including climate change. The main goal of
sustainable agricultural development is to increase agricultural productivity,
reducing the negative impact of this production on the environment. As climate
change is one of the most important environmental challenges for sustainable
agricultural development, productivity growth should be assessed by introducing
greenhouse gas (GHG) emission restrictions. Thus, when evaluating agricultural
productivity, it is imperative to simultaneously assess and restrict undesirable
production outputs, such as GHG emissions, thus ensuring sustainable agricultural
productivity growth.

Extensive scientific research has been done on agricultural productivity and
sustainable agricultural development; however, scientists lack consensus
regarding undesirable outputs, such as GHG emissions assessments, when
studying the efficiency and productivity of agricultural production. Assessing
agricultural productivity in sustainable agricultural development requires
identifying and assessing environmental constraints, especially related to
integrating climate change mitigation into the production function, which is a
complex task.

This work aimed to develop methods for evaluating agricultural productivity
in the context of sustainable agricultural development. The goal of the dissertation
is to develop a model for assessing productivity with undesirable outputs and to
apply it for sustainable productivity assessment in agriculture in the EU. The
dissertation reviews productivity evaluation methods and discusses various
models, emphasising evaluations of undesirable production outputs in the
production function.

A new model for evaluating agricultural production with undesirable results
was developed based on an expanded production function that includes the main
factors of agricultural production (energy consumption in agriculture, capital,
labour and land costs in agriculture) and GHG emissions related to energy
consumption in agriculture. The new model allows for a new expansion and use
of DEA capabilities in the production function, supplementing it with the global
slacks-based method (SBM) for efficiency measurement, the Luenberger
productivity index, the index of contribution to structural efficiency with the help
of which all production factors and GHG emissions can be analysed and studied
in detail and the contribution of GHG emissions to overall changes in efficiency
and productivity can be evaluated.



Reziumeé

Tvarioji zemés ikio raida yra vienas svarbiausiy politikos tiksly Europos
Sajungoje. Zemés wikio gamyba ir jos intensifikavimas turi neigiama jtaka
aplinkai, o ypac svarbiis tampa klimato kaitos Svelninimo klausimai Zemés iikyje.
Tvariosios zemés ukio plétros pagrindinis tikslas yra siekti Zemés tikio
produktyvumo augimo, maZinant neigiama Sios gamybos jtaka aplinkai. Kadangi
klimato kaitos Svelninimas yra vienas svarbiausiy tvariosios Zemes iikio plétros
apribojimus $iltnamio efekta sukelian¢iy dujy (SESD) emisijoms. Taigi, vertinant
zemés ukio produktyvuma, labai svarbu kartu jvertinti nepageidaujamy gamybos
rezultaty, tokiy kaip SESD emisijy, jtaka zemés dikio gamybos produktyvumui,
taip uztikrinant tvariojo Zemés iikio produktyvumo augima.

Yra atlikta nemazai moksliniy tyrimy zemés ukio produktyvumo bei
tvariosios zemés ikio raidos srityje, tac¢iau tarp mokslininky stokojama sutarimo
dél nepageidaujamy rezultaty, tokiy kaip SESD emisija, vertinimo tiriant Zemés
iikio gamybos efektyvuma bei produktyvuma.

Siame darbe yra siekiama sukurti metodus, leidzian¢ius atlikti Zemés tkio
produktyvumo vertinimus tvariosios Zemés tikio raidos kontekste. Disertacijos
tikslas yra parengti gamybos produktyvumo su nepageidaujamais rezultatais
vertinimo model] bei pritaikyti jj zemés tkio tvariajai raidai vertinti ES.
Disertacijoje apzvelgti produktyvumo vertinimo metodai bei aptarti jvairiis
modeliai, akcentuojant nepageidaujamy gamybos rezultaty vertinimus. Pasitlyti
nauji metodai, leidziantys visapusiskai istirti produktyvuma bei jo augimo
veiksnius zemés iikyje, jvertinus nepageidaujamus rezultatus.

Sukurtas naujas zemés tkio gamybos su nepageidaujamais rezultatais
vertinimo modelis, kurio pagrinda sudaro iSplésta gamybos funkcija, apimanti
pagrindinius Zemés iikio gamybos veiksnius (energijos suvartojimas zemés iikyje,
kapitalo, darbo bei Zemé sanaudos Zemés tikyje) bei SESD emisijas, susijusias su
energijos vartojimu Zemés tkyje. Naujas modelis leidzia gamybos funkcijoje
naujai iSplésti bei panaudoti DEA galimybes, ja papildant globaliu pervirsio
metodu (SBM) efektyvumui matuoti, Luenberger produktyvumo rodikliu, indélio
1 strukturinj efektyvuma indeksu ir, kuriuos taikant galima detaliai iSskaidyti ir
istirti visy gamybos veiksniy, taip pat SESD emisijy indélj j bendrus efektyvumo
bei produktyvumo poky¢ius tiriamuoju laikotarpiu.
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Notations

Abbreviations

CAP — Common Agricultural Policy (liet. BZUP — Bendroji zemés iikio politika);
CRS - Constant Returns-to-Scale (liet. Nuolatiné masto graza);

EC — Efficiency Change (liet, Efektyvumo pokytis);

EU — European Union (liet. ES — Europos Sajunga);

FADN — Farm Accountancy Data Network (liet. Ukiy apskaitos duomeny tinklas);
GHG — Greenhouse Gas (liet. SESD — Siltnamio efekta sukeliangios dujos);

DEA — Data Envelopment Analysis (liet. Duomeny gaubties analiz¢);

DDF — Directional Distance Function (liet. Kryptiné atstumo funkcija);

DMU - Decision Making Unit/Country (liet. Sprendimy priéméjai/Vlastybés);
LPI — Luenberger Productivity Indicator (liet. Luenberger produktyvumo rodiklis);
LSA — Life Cycle Assessment (liet. Gyvavimo ciklo jvertinimas);

PPP — Power Purchasing Parity (liet. Perkamosios galios paritetas);

SBM - Slacks-based Method (liet. Pervir§io metodas);

TC — Technical Change (liet. Technologinis pokytis);

VRS — Variable Returns-to-Scale (liet. Kintamoji masto graza).
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Introduction

Problem Formulation

The scientific literature analysis revealed that although there have been studies
dealing with the problem of evaluating productivity with undesirable outputs, all
proposed methods of evaluating undesirable outputs of agricultural production
have important shortcomings and limitations. No methods have been developed,
and no research has been carried out to evaluate the influence of individual agri-
cultural production factors on the overall efficiency of agricultural production and
changes in productivity from an environmental (GHG emissions) viewpoint.
Therefore, it is necessary to create a new model for assessing agricultural produc-
tivity with undesirable outputs, which allows for avoiding the weaknesses and
limitations of the proposed methods and comprehensively studying the production
factors and obstacles to the growth of agricultural production efficiency and “sus-
tainable” productivity. In addition, an ordinary non-parametric frontier technique
like Data Envelopment Analysis (DEA), usually applied to measure productivity
and efficiency, suffers from the dimensionality curse. This issue becomes espe-
cially cumbersome when undesirable outputs provide additional variables in as-
sessment.



2 INTRODUCTION

Relevance of the Dissertation

The agricultural sector is one of the most important economic sectors, providing
raw materials and food. Although EU policy documents, like Europe 2020, the
European Green Deal, and Common Agricultural Policy, consider the sustainable
development of agriculture as one of the most important policy goals in the EU,
agricultural production intensification negatively impacts the environment. Sus-
tainable agricultural development should ensure the highest possible agricultural
productivity and the lowest negative environmental effects of agricultural produc-
tion, including GHG emissions. Meanwhile, GHG emissions are among the most
important environmental challenges for sustainable agricultural development
worldwide, including the EU. When evaluating agricultural productivity, it is es-
sential to simultaneously evaluate undesirable outputs, such as GHG emissions on
agricultural productivity and efficiency, to ensure sustainable agricultural produc-
tivity growth, reducing its negative impact on the environment, including climate
change. Low carbon energy transition is a priority area addressed by the Green
Deal. Therefore, GHG emission reduction from energy consumption in agricul-
ture is a priority for ensuring sustainable agriculture development.

The Object of the Research

Assessment of agricultural productivity with undesirable outputs in the agricul-
tural sector of the EU.

The Aim of the Dissertation

To prepare a model for evaluating agricultural productivity with undesirable out-
puts and to apply it to evaluating sustainable agriculture productivity in the EU.

The Objectives of the Dissertation

1. To perform literature analysis and systematise the methods for evaluating
efficiency level and productivity changes with undesirable outputs and
summarise the results and insights of their application in agriculture;

2. To prepare a model for evaluating productivity with undesirable outputs
in agriculture based on the integration of various methods, such as DEA,
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Luenberger productivity index, slacks-based method (SBM) for effi-
ciency measurement, super-efficiency DEA and Contribution to Struc-
tural Efficiency index;

3. To apply the developed sustainable productivity with undesirable outputs
model to the assessment of sustainable agriculture productivity in the EU;

4. To develop policy recommendations for promoting sustainable agricul-
ture development in the EU member states based on the obtained empiri-
cal results.

Research Methodology

The main work methods are analysis, synthesis and abstraction of scientific liter-
ature, Data Envelopment Analysis (DEA), various productivity indices, such as
the global slacks-based method (SBM) for efficiency measurement, the Luen-
berger productivity index, the index of contribution to structural efficiency, supper
efficiency DEA and weak disposability DEA.

Applied non-parametric methods of efficient frontier analysis (DEA) provide
opportunities to determine the efficiency and productivity of agricultural produc-
tion in individual regions with undesirable results based on selected indicators
showing overall and individual efficiency of production factors for assessing the
change in productivity and production factors (efficiency and technological pro-
gress) and the results in GHG emissions; however, they suffer from several weak-
nesses. New methods, like the Luenberger productivity index and SBM, were used
to analyse the impact of individual production factors and undesirable production
results on efficiency and productivity changes. The super-efficiency DEA and
Contribution to Structural Efficiency index were developed to supplement ordi-
nary DEA and to provide a complete ranking of the countries based on productiv-
ity and efficiency, including negative outcomes as the simple DEA suffers from
the dimensionality curse, especially in the presence of undesirable outputs provid-
ing for additional variables.

Applied weak disposability DEA allows building environmental function of
production technology, which integrates additional assumptions about the interre-
lationship of desirable and undesirable outputs and provides for monetary evalu-
ation of undesirable outputs (GHGs due to energy consumption in agriculture).

Scientific Novelty of the Dissertation

A new model for evaluating agricultural productivity with undesirable outputs has
been developed based on an expanded production function that includes the main
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factors of agricultural production (energy consumption in agriculture, capital, la-
bour and land costs in agriculture) and GHG emissions related to energy consump-
tion in agriculture. The new model allows for a new expansion and use of DEA
capabilities in the production function, supplementing it with the global slacks-
based method (SBM), Luenberger productivity indicator, super-efficiency DEA
and Contribution to Structural Efficiency index, analysing the contribution of all
production factors and GHGs to overall changes in efficiency and productivity
and finally ranking countries based on sustainable productivity during the set re-
search period.

The developed sustainable productivity assessment model is also supple-
mented with an environmental function of production technology, which inte-
grates additional assumptions about the interrelationship of desirable and undesir-
able outputs and allows for the monetary expression of undesirable outputs (GHGs
due to energy consumption in agriculture). The undesirable outputs are assessed
in monetary terms by calculating GHG emission shadow prices (marginal costs of
reducing GHG emissions).

Practical Value of the Research Findings

The prepared model for evaluating productivity with undesirable outcomes was
empirically applied for the sustainable productivity assessment of the agricultural
sector in the EU member states. Based on the research results, the policy directions
for improving agricultural and environmental policy were developed.

The Defended Statements

The following statements based on the results of the present investigation may
serve as the official hypotheses to be defended:

1. Sustainable agriculture development can be assessed by applying sustain-
able productivity assessment based on extended production function with
negative outcomes as it includes economic, social and environmental di-
mensions of agricultural sustainability.

2. The conventional DEA methods suffer from many weaknesses, including
dimensionality, which becomes especially cumbersome in the presence of
undesirable outputs.

3. The expansion of DEA capabilities by supplementing it with the global
slacks-based method (SBM), Luenberger productivity indicator, super-ef-
ficiency DEA and Contribution to Structural Efficiency index allows to
overcome the main weakness of conventional DEA and to analyse the
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contribution of all production factors and GHGs to overall changes in ef-
ficiency and productivity.

4. The shadow prices of GHG emission reduction obtained by directional
DEA and DDF (Directional Distance Functions) allow for defining lag-
ging and advanced countries in terms of energy efficiency improvements
in agriculture.

Approval of the Research Findings

The research results were published in 5 scientific publications, out of which 5
articles were printed in peer-reviewed scientific journals listed in the Clarivate
Analytics Web of Science database with an impact factor.

The author has delivered four presentations at three international scientific
conferences:

— 1II International Science Conference SER 2020 “New Trends and Best
Practices in Socioeconomic Research”. Igalo (Herceg Novi), Montene-
£gro;

— 1V International Science Conference SER 2021 “New Trends and Best
Practices in Socioeconomic Research”. Igalo (Herceg Novi), Montene-
gro;

— 16" Conference on Sustainable Development of Energy, Water and Envi-
ronment Systems. Dubrovnik, Croatia.

Structure of the Dissertation

The dissertation contains an introduction, analytical literature review, discussion
of research methodology, summary of the results and conclusions, references, ap-
pendices with the five scientific articles, and a summary in Lithuanian.

The dissertation consists of 178 pages, 20 equations, 16 figures, 9 tables, and
60 references cited in the dissertation.

The First Chapter provides a literature review on sustainable agriculture, in-
dicators of sustainable agriculture assessment, and sustainable or green produc-
tivity measurements based on production function with undesirable outputs. The
Second Chapter presents the research methodology and introduces a sustainable
productivity assessment model based on extended production functions with un-
desirable outputs. Luenberger productivity index, SBM, super-efficiency DEA
and Contribution to Structural Efficiency index were developed to supplement
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ordinary DEA and to provide a complete ranking of the countries based on produc-
tivity and efficiency, including negative outcomes as the simple DEA suffers from
the dimensionality curse, especially in the presence of undesirable outputs provid-
ing for additional variables. The Third Chapter presents the results of empirical
studies conducted by practically applying a developed sustainable productivity
assessment model in the agriculture of the EU member states.



Analytical Literature Review on
Sustainable Agriculture Productivity

This chapter outlines the results of the analysis performed in the first paper, “Ag-
ricultural sustainability assessment framework integrating sustainable develop-
ment goals and interlinked priorities of environmental, climate and agriculture
policies”, published in the scientific journal Sustainable Development and the sec-
ond paper, “Green Productivity and undesirable outputs in agriculture: a system-
atic review of DEA approach and policy recommendations”, published in the sci-
entific journal Economic Research. The First Chapter reviews the literature and
research conducted on the dissertation topic.

1.1. Sustainable agriculture

The agricultural sector is crucial for achieving overall sustainable development
goals for countries (Cox et al., 2004). There are many policies aiming to promote
sustainable agriculture development by stressing the importance of providing
enough safe food for the world population and ensuring a sustainable supply of
fibre, fuel and other biological products for industries while reducing the negative
impact of agricultural production on the environment (Clements, Shrestha, 2004;
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Latruffe et al., 2016). The agricultural sector uses a lot of natural resources; there-
fore, the priorities of sustainable agriculture development are linked to the protec-
tion of land and biodiversity, preservation of clean air and water, climate change
mitigation and adaptation (Pretty, 2005; McNeely, Scherr, 2003). Consequently,
to address these challenges, this sector needs to be innovative, apply new ad-
vanced methods in land cultivation, farming and production, and sustainably in-
crease productivity or target sustainable productivity (Velten et al., 2015; Ogaji,
2005).

The term “sustainable agriculture” is based on the classical paradigm of sus-
tainable development introduced by the Brundtland Report in 1987. Based on the
literature review, about 70 meanings of sustainable agriculture are available.
These definitions reveal diverse priorities and goals, including specific stake-
holder preferences at different levels of economic activity (Pretty, 2005).

Due to the diverse terms used in defining sustainability in agriculture or ag-
ricultural sustainability, the policy-making process to ensure sustainable agricul-
ture development becomes quite complicated. In general, scientific literature pre-
sents sustainable agriculture as an “alternative” agriculture or ecological, low-
input, environmentally sensitive, biodynamic, organic, regenerative, permaculture
(Dunlap et al., 1993; Clements, Shrestha, 2004; Kesavan, Swaminathan, 2008).

The main dimensions of sustainable agriculture are social, economic and en-
vironmental; however, according to Tomich et al. (2004), spatial and temporal
dimensions of agricultural sustainability are also essential. Spatial dimensions
(national or local level) and temporal dimensions (long-term, mid-term and short-
term periods) are important for developing policies to promote sustainable agri-
culture development.

By summarising findings from the literature review, the main definitions of
agricultural sustainability can be characterised as follows: sustainability is an ide-
ology capable of achieving specific goals or defined targets and includes a set of
strategies (Hayati, 2017).

Agricultural systems are multifunctional and provide various goods, includ-
ing food, but more importantly, the agriculture sector is also responsible for
providing public goods like the preservation of nature, land, air and water, flood
protection, groundwater replenishment, carbon sequestration and the landscape.
So, sustainability in agriculture can be considered case-specific and shall be ana-
lysed in terms of agricultural productivity and also in terms of public goods, in-
cluding climate change mitigation, which is of huge importance nowadays
(Dobbs, Pretty, 2004).

Sustainable agriculture is oriented to using renewable resources, innovative
technologies and advanced practices to ensure sustainable productivity growth.
New forms of social capital are also necessary for sustainable or environmental
productivity to ensure responsible leadership, resourcefulness, and managerial
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and innovating capabilities, allowing for increased labour and capital productivity
(Olsson, Folke, 2001). The higher social and human capital is more capable of
innovating, using new technologies and advanced production practices and
achieving sustainable development goals (Uphoff, 2002; Pretty, Ward, 2001).

Another important issue of sustainable productivity growth is using renewa-
ble energy or cleaner energy sources in agricultural production to reduce the neg-
ative impact of agricultural activities on the environment, including air pollution
and climate change. The sustainable agricultural practices need to be implemented
to reduce environmental impact.

Therefore, though agricultural sustainability can be defined differently, it fi-
nally aims to ensure efficient use of natural and other resources and increase
productivity by restraining negative environmental impacts of agriculture produc-
tion, including GHG emission reduction.

1.2. Sustainability assessment of agriculture

Many sustainability assessment indicators and their frameworks, including com-
posite or integrated sustainable agriculture indicators, were developed to evaluate
the sustainability of the agricultural sector on various levels, including farm or
country level. All these indicator frameworks provide ample valuable information
but do not allow for assessing the main directions of agricultural development in
the countries and comparing these directions based on the main drivers and barri-
ers of sustainable agriculture development.

Sustainability assessment of the agricultural sector can also be performed by
integrating environmental components into assessments of the productive effi-
ciency of agriculture or another sector. The parametric and non-parametric pro-
duction frontiers approaches can be used for productivity analysis, including en-
vironmental restraints on agriculture productions. This sustainability assessment
approach is very helpful as it allows for developing policies and measures to pro-
mote sustainable agriculture based on important comparable and consistent infor-
mation available for a group of countries.

Several main ways are developed for sustainable productivity assessment:
application of parametric models requiring a definition of the specific function
and use of non-parametric mathematical programming methods like DEA. By ap-
plying DEA, it is possible to attain a positive correlation between pollution and
desirable outputs. Studies by Hailu and Veeman (2001) and Yang and Pollitt
(2009) defined pollution as a free disposable input. Other studies (Korhonen,
Luptacik, 2004; Lauwers, 2009) treated undesirable outputs as additional inputs
to generate a desirable output (Mahlberg, Sahoo, 2011).
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The most advanced approach is to treat pollution as negative outputs based
on the weak disposability of environmental technology (Fare, Grosskopf, 2010a,
b). Weak disposability assumes that the desirable and undesirable outputs are
weakly disposable, i.e., the production possibility set is defined by allowing the
scaling down of the undesirable and desirable outputs by the same factor. In ad-
dition, the materials balance approach was used in the production theory to over-
come the limits of weak disposability (Lauwers, 2009). The most recent approach
uses two sub-technologies in production technology: one technology producing
the desired outputs and another — undesirable outputs (Forsund, 2009; Murty
et al., 2012; Sueyoshi et al., 2017). It is necessary to analyse the green or sustain-
able productivity assessment approaches to develop proper tools for analysing ag-
ricultural productivity in the context of sustainable development.

1.3. Green or sustainable productivity assessment

Although ample research has been done on agricultural productivity and sustain-
able agricultural development, scientists lack consensus on assessing undesirable
outcomes, such as greenhouse gas emissions, when studying the efficiency and
productivity of agricultural production. As shown by the extensive research con-
ducted to evaluate agricultural productivity and environmental pollution, to reflect
the priorities and problems of agriculture’s sustainable development, integrating
environmental restrictions, especially related to climate change mitigation, into
the production function is an especially complex problem.

Until now, scientists have widely discussed this topic and offered various
alternative ways to solve the problem. Pittman (1981), in addition to Hailu and
Veeman (2001), proposed to estimate unwanted output in the production function
as one of the production factors. Fare et al. (1989) and Kuosmanen (2005) pro-
posed considering unwanted production as weakly disposable with desirable pro-
duction, i.e., when evaluating production productivity, establish a requirement
that desirable and undesirable production decreases proportionally. Murty et al.
(2012) proposed a model that identifies the production factors that determine pol-
lution and constructs a separate “pollution function” alongside the production
function. Kocisova (2015) assessed agricultural production productivity in the EU
using DEA and decomposition analysis, but this study did not consider undesira-
ble production outcomes such as atmospheric pollution or greenhouse gas emis-
sions. Blazejczyk-Majka (2017) also applied DEA to assess the efficiency of ag-
ricultural production in EU member countries without considering undesirable
outputs of agricultural production. Barath and Ferto (2017) applied DEA and the
Fare-Primont index in the study of agricultural production productivity, which al-
lowed for evaluating the substitutability of individual production factors in the
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production function, but again, unwanted production was not evaluated. Martinho
(2017; 2020) also used DEA to assess the agricultural productivity of EU member
countries but did not analyse the impact of undesirable production results on
productivity changes. Vlontzas et al. (2014) applied a combination of DEA and
slacks-based method (SBM) to the assessment of agricultural productivity in EU
countries; although the study evaluated two undesirable production outcomes,
such as carbon dioxide emissions and nutrient balance, this study did not examine
the impact of individual production factors on productivity. Bartova et al. (2018)
applied the principle of weakly disposable production in the production function
and the DEA and Malmquist-Luenberger productivity index to the analysis of EU
agricultural production productivity at the level of EU countries. Although in this
study, greenhouse gas emissions were assessed as undesirable outputs, the influ-
ence of individual production factors and greenhouse gas emission efficiency on
overall efficiency and productivity was not determined.

The main studies dealing with green/sustainable productivity assessments
based on undesirable outputs and applying the DEA approach are summarised in
Table 1.1.

Table 1.1. Main studies of green productivity assessment with undesirable outputs in the
EU agriculture and the application of the DEA approach (Source: Streimikis et al., 2020)

Main studies Methods Measurerpents of o Undesirable
changes in productivity | outputs
Kocisova (2015) DEA - -
Kocisova et al. (2018) SBM-DEA | — -
Btazejczyk-Majka (2017) | DEA - -
Martinho (2017) DEA - -
Martinho (2020) DEA - -
Barath and Fert6 (2017) DEA Fére-Primont index -
Viontzos et al. (2014) SBM-DEA | — €O, and nitro-
gen balances
Bartové ct al. (2018) DEA Malmquist-Luenberger | GHG
index emissions

So, the DEA models are the most suitable for assessing agricultural perfor-
mance with undesirable outputs. In addition, the findings of this review paper in-
dicated that there are different types of DEA models, such as Meta-frontier DEA,
Malmquist index (Fei and Lin, 2016), VRS-DEA (Zhang, 2008), DDF-DEA (Ma-
kuténiené, Balezentis, 2015), SBM-DEA (Le et al., 2019), CRS-DEA (Lin and
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Fei, 2015), SBM-DEA, LCA (Cecchini etal.,, 2018), Super-SBM DEA
(Pongpanich and Peng, 2016), Multi-objective DEA model (MORO-D) (Angulo-
Meza et al., 2019), and most of these methods are useful and applicable for solv-
ing the agricultural industries with undesirable outputs though have several weak-
ness and limitations.

1.4. Conclusions of the First Chapter

1. The “PRISMA” protocol has been employed for a systematic literature
review. The papers selected based on the PRISMA statement are classi-
fied based on agricultural pollution, sustainable agriculture, agricultural
economics, environmental performance and resource efficiency. Further-
more, the remaining papers are categorised based on the name of the jour-
nal, names of the author/s, methods, area of application, the papers, pur-
poses of using DEA, purposes of study, contribution and research gap,
outcomes and results, year of publication and nationality/ies of the au-
thor/s.

2. The findings indicated that agricultural pollution is the most attractive ap-
plication area for scholars. In addition, the results of the present holistic
review demonstrated that the DEA model is a strong and evaluated tool
for analysing and evaluating the assessment of agricultural efficiency per-
formance with undesirable outputs.

3. Allresearch and proposed methods for assessing agricultural productivity
and undesirable outcomes of agricultural production have important
shortcomings and limitations. One of the most important limitations is the
fact that all the methods used to assess the efficiency and productivity of
agricultural production and the research conducted so far were unable to
provide methods and suitable models for evaluating the impact of all pro-
duction factors and undesirable production results on changes in produc-
tivity. Therefore, it is necessary to create a new model for evaluating
productivity with undesirable outputs, which allows for avoiding the
weaknesses and limitations of the DEA and other sustainable productivity
assessment methods.

4. Some DEA supplements were found especially useful for dealing with
sustainable production analysis in agriculture and including undesirable
outputs, such as GHG emissions. Numerous production efficiency assess-
ment methods and indicators were developed to solve several limits of
DEA models in assessing sustainable agriculture productivity. They in-
clude SBM, the global Luenberger productivity indicator, the Malmquist-
Luenberger index, the Fare-Primont index, the Malmquist index, supper
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efficiency DEA, and the contribution to structural efficiency index. A
more detailed analysis of the applicability and strengths of these DEA
supplements is necessary to improve DEA capabilities in addressing sus-
tainable productivity in agriculture for assessing the paths towards sus-
tainable agriculture development, including main drivers and obstacles.






Research Methodology for
Sustainable Productivity
Assessment

This Chapter presents the research methodology and sustainable productivity as-
sessment model formed based on extended production function with undesirable
outputs. Luenberger productivity index, SBM, super-efficiency DEA and Contri-
bution to Structural Efficiency index were developed to supplement conventional
DEA and to provide a complete ranking of the countries based on sustainable
productivity and efficiency, including negative outcomes. The Second Chapter
describes methods provided in the third paper, “Creation of climate-smart and en-
ergy-efficient agriculture in the European Union: Pathways based on the frontier
analysis”, and the fourth paper, “Achievements of the European Union member
states towards the development of sustainable agriculture: A contribution to the
structural efficiency”, and the fifth paper, “Does the Cost of Energy-related
Greenhouse Gas Emission Abatement Depend on the Optimization Direction:
Shadow pricing exercise based on the weak disposability technology in the Euro-
pean Union agriculture”, published in the journals indexed in the Clarivate Web
of Science Core Collection and co-authored by the dissertation author with other
researchers.

15
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2.1. Research rationale and sustainable productivity
assessment model based on frontier analysis

Pareto—Koopmans defined that production is efficient if it is impossible to pro-
duce more without increasing costs or if it is impossible to use fewer factors of
production without reducing production volumes (Mirdehghan, Fukuyama,
2016). At the same time, Farrell (1957) proposed an efficiency ratio to measure
the degree to which the actual situation differs from the optimal one. The optimal
situation is evaluated with the help of the production function (production possi-
bilities limit). Efficiency is defined as the ratio of actual to optimal productivity.
The change in production productivity is measurable as a result of efficiency and
technological change.

The main research framework is based on the agricultural production function
of the selected region (EU member countries), applying marginal (non-parametric
linear programming methods) to determine the effective limit of the agricultural
production possibilities of these regions, and after evaluating the undesirable results
of agricultural production, such as the greenhouse effect emissions. Environmental
production technology can be described by parametric and non-parametric methods.
Non-parametric environmental manufacturing technologies have been described by
Hailu and Veeman (2001), Fare and Grosskopf (2003) and Murty et al. (2012). The
distance of the selected research region (EU member countries) from the limit of
efficient agricultural production possibilities would show whether there is potential
to achieve better economic outputs with the available resources, i.e., human capital
and investment and environmental constraints.

This work proposes the application of non-parametric linear programming
methods, such as DEA, because they complement the capabilities of multivariate
data analysis and more accurately evaluate the differences in technical agricultural
efficiency between the studied regions, allow identifying weak areas and make
proposals for agricultural productivity improvement and implementation of envi-
ronmental policy (Fang et al., 2020; Wang et al., 2020). DEA is better than other
non-parametric linear programming methods in filtering out differences in effi-
ciency between technologically similar regions. The main difference is that DEA
compares the entire group of regions according to extreme values of efficiency,
while the rest of the methods compare the efficiency of different regions only with
regions with smaller resources, allowing the values of the economic estimates of
some regions to be above the effective production possibilities limit with certain
confidence levels. When comparing technologically similar regions, it is more ap-
propriate to look for the leaders of the entire group, based on which it would be
possible to conclude the overall agricultural efficiency of the group of regions
(Sueyoshi et al., 2017; Urdiales et al., 2016).
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So, to assess the efficiency and productivity of agriculture in this work, it is
proposed to apply complementary research methods, such as DEA, by supple-
menting conventional DEA with new methods. The conventional DEA models
proposed in the study by Charnes et al. (1978) and Banker and Thrall (1992) are
based on radial measures as the composition of inputs and outputs are fixed in the
optimisation, and the inefficiency measures are not variable-specific. The new ap-
proach introduced by Tone (200) is a slacks-based measure (SBM) that analyses
the contributions of each input/output variable to the inefficiency score. This ap-
proach was further developed by Cooper et al. (2007) and applied to the exami-
nation of environmental performance with undesirable outputs. In addition, the
global Luenberger productivity indicator was developed by Wang and Wei (2016)
based on SBM and applied by Wang et al. (2016). This indicator allows decom-
posing the changes in productivity concerning the contributions of each input/out-
put variable.

Therefore, a new model is proposed for evaluating agricultural production
with undesirable results, which is based on an extended production function that
includes the main factors of agricultural production (energy consumption in agri-
culture, capital, labour and land costs in agriculture) and greenhouse gas emissions
related to energy consumption in agriculture. The model allows estimating the
production function using DEA and supplementing it with global technology and
a slacks-based method (SBM) for efficiency measurement. This makes it possible
to decompose the Luenberger productivity index into the contribution of all pro-
duction factors and results (including GHG emissions). Efficiency and technolog-
ical changes can also be analysed with this new tool.

The environmental production technology for the period ¢ =1,2,...,T is de-

fined in terms of input quantities x4 € R, output quantities y?* € R/ and un-
desirable output quantities z% € RK . The inputs are intentionally transformed
into outputs (desirable ones), whereas the undesirable outputs are unintended
(e.g., pollution). The environmental production technology for the period # (i.e.,

the contemporaneous technology) is defined in terms of the production possibility
set:

P! ={(xt,y’,zt)|xf can produce (y’,z‘ )}, (2.1)

The SBM measures inefficiency (a distance function D) based on ex-
cesses/shortages of inputs and outputs. Thus, empirical research will measure in-
efficiency. The distance function D can take values from 0 to infinity. Inefficiency
is the inverse of efficiency, and zero inefficiency means full efficiency. The re-
sulting distance function is denoted as D(:):
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where s¥, s and s are the slacks associated with inputs, outputs and undesir-
able outputs, respectively; and g,, g, , g, are the directional vectors for inputs,

outputs and undesirable outputs, respectively. In this case, the authors use the pro-
portional distance and set the directional vector to be equal to the observed quan-
tities of the input/output variables.

The Luenberger productivity (LP) indicator reflects changes in productivity,
which can be positive or negative. A positive value indicates that production
productivity is growing:

LP;’HI =D (xd,t’yd,t,zd,t;gt)_ D (xd,t+1’yd,z+1’zd,z+l ;g”l ), (2.3)

where D(-) is the distance function relative to the global frontier. Therefore, pos-

itive (resp. negative) values of LP imply positive (resp. negative) productivity
growth as an observation approaches the global frontier over time.

Positive Efficiency Changes (EC) are obtained due to the implementation of
advanced farming and management practices to better use agricultural production
factors and resources:

t+l _ . .
ECd = D! (xd,t’yd,t,zd,t,gt ) _ D+l (xd,t+1 ,yd,t+1 ,Zd’Hl ’gt+l ) (2.4)

Thus, EC shows whether a certain country improved its performance relative
to the contemporaneous frontier, and the positive EC can be observed due to the
improved farming and managerial practices when resources are properly used in
the production process.
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The necessary data for assessing sustainable productivity can be collected for
EU member states from Eurostat Agricultural economic accounts, energy bal-
ances, and data on greenhouse gas emissions due to energy consumption in agri-
culture. The studied production factors: energy consumption in agriculture, TJ;
costs of fixed capital in agriculture, PGS recalculated at 2005 prices; labour costs
in agriculture, annual working hours; land consumption, ha. Desired output ex-
pressed as total agricultural output, PGS, recalculated in constant 2005 prices.
Undesirable production outputs are expressed as GHG emissions, Mt.

2.2. Further advancements in the sustainable
productivity assessment model

Next, the developed sustainable productivity assessment model with undesirable
outputs for assessing agricultural productivity in the EU was further advanced to
overcome other important limits of conventional DEA.

A model with an environmental function of production technology was sup-
plemented by new methods of efficiency assessment: super-efficient DEA and
index of contribution to structural efficiency. This allows for solving the effi-
ciency assessment problem in agricultural productivity when the DEA cannot as-
sess it due to the reduction of discriminatory power, i.e., the ability to reveal dif-
ferences between various efficiency levels. This problem occurs with numerous
variables and observations.

Non-parametric frontier methods, such as DEA, are a good tool to measure
the eco-efficiency of environmentally friendly production technology; however,
DEA may be unable to measure efficiency due to decreased discriminative power
when the ratio of variables to observations is high. This problem becomes partic-
ularly complicated when unwanted output (an additional variable) is included.

Thus, the productivity assessment model was further developed to rank EU
member states according to ecological efficiency using the super-efficiency DEA
and index of contribution to structural efficiency, which is a new method. Super-
efficient DEA and similar methods have been proposed to improve discriminative
power (reveal differences between various efficiency levels). These methods as-
sume that the production technology of each considered efficient DMU (decision
maker/state) is further investigated (and yields results in greater than 1), while
inefficient DMUs are not.

The super-efficiency DEA was developed by Andersen and Petersen (1993)
as a tool for dealing with situations where the DMU ranking cannot be performed
because of the limited sample size. The super-efficiency DEA also suffers from
infeasibilities in solving tasks.
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Zhu et al. (2019, 2020) proposed an index of contribution to structural effi-
ciency that applies (the same) environmental technology to all DMUs. Therefore,
the weak abatement of environmental technology and the contribution to the struc-
tural efficiency index were applied to assess the productivity of EU Member
States’ agricultural sectors in terms of eco-efficiency and GHG emission re-
strictions.

Environmentally friendly production functions can be defined as:

T= {(x,y,b) : x can produce (y,b)} , (2.5)

where: x — inputs; y — desirable outputs; b — undesirable outputs.

DEA function of the weak disposability technology for K-number of DMUs
that consume / factors of production to produce J desirable outputs and L unde-
sirable outcomes (GHG emissions) is described by:

K
T A Xy < A S A by =By 20
T = (x,y’b)ei}{1+J+L Z JeXki xlﬂkzl ky]g y]akZ::l KOkl s Mg s ’

i=1,2,.,0,j =12, J k=12, K,]=12,..,L,
(2.6)

where A are the intensity variables that define the production frontier in terms
of the observed production plans?
Considering an arbitrarily chosen DMU k' ek =1,2,...,K . The two cases of

the efficiency measurement can be performed.
First, the output-oriented directional DEA is applied:

. 1
Py =min
L ZBg]/yk]+ZBgl/bkl
K
s.t. Z?\‘kxik Sxk'i,i 21,2,...,1,
k=
K
z)’ky]k Zyk'] +ng,]:1,2,..,.], (27)
k=1
K
Zkkblk zbk'l _Bgl,l =1,2,...,L,
k=1

A 20,k=12,..K,
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where py €(0,1] is the efficiency score for a certain DMU k' . The efficiency
score of unity indicates full efficiency and declines with increasing inefficiency.
This paper uses the proportional output DDF and set (g s g) = jabk'l)»

J=12..,J,1=12,.. L

Generalised Directional Distance Function (DDF) when i# k', (super-effi-
cient DEA) can be obtained by the following formula:

1

(Zﬁg]/yk] +Zl3g1/bk1J

pf.:min
J L

K
S.t. z lkxl-k < xk'i,i = 1,2,...,[,
k=1
kek! 2.8)

K

2 MV 2 Vi +Bg =120,
k=1

ke’

K
Z }\’kblk :bk'l _Bgl,l :1,2,...,L, }\’k Zo,k:1,2,...,K,7\,kv =0.

k=1
k#k'

The marginal coefficient of contribution to structural efficiency is obtained
as follows:

1 p(AUk"
A#D

I6 = , (2.9)

where p() is the efficiency score for aggregate DMU, including or excluding
DMU k'.
1 kC >1 indicates that DMU k' positively contributes to structural efficiency.

The values below unity indicate that the production plan observed for DMU £k’
does not improve structural efficiency. Therefore, it is possible to define countries
which use the inputs most productively and ensure less intensive environmental
pollution due to energy consumption.

The necessary data for sustainable productivity assessment for EU Member
States can be obtained from Eurostat energy balance and agricultural statistics.
Desired output is all agricultural output (PPS based on 2010 comparative prices);
Undesirable output is energy-related GHG emissions (tons of CO; equivalent).
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Production factors include agricultural land area (ha), labour costs (contract work-
ers = 2036 for working hours), long-term capital (CPS), and final energy con-
sumption (metric tonne oil equivalent).

2.3. Monetary evaluations of undesirable outputs in
the sustainable productivity assessment model

The developed sustainable productivity assessment model is supplemented with
an environmental function of production technology, which integrates additional
assumptions about the interrelationship of desirable and undesirable outputs and
allows the monetary expression of undesirable outputs (GHGs due to energy con-
sumption in agriculture). It is found by calculating GHG shadow prices (marginal
costs of reducing GHG emissions. The shadow price of GHG emissions shows
the marginal costs of their reduction and is very useful in analysing the possibili-
ties of improving the environmental quality of a specific production technology.

The model for evaluating production productivity with undesirable results in
agriculture was extended to evaluate the shadow price of undesirable production
results (GHG).

A non-parametric method (DEA) was applied in the productivity assessment
model. Directional DEA can evaluate the efficiency of decision-making units
(states) in moving along the production possibilities curve in different directions,
as defined in the sections above. Directions can be calculated by evaluating the
data of individual countries or groups of countries.

The main idea in applying environmental technology in DEA is to assess the
effect of choosing different directions in moving to the production possibilities
curve on the shadow prices of GHG emissions. The weak disposability DEA model
developed by Kuosmanen (2005) was applied. The weak disposability technology
is among the most often applied in empirical research due to its operationality. It
assumes that the desirable and undesirable outputs are weakly disposable, i.e., the
production possibility set is defined by allowing the scaling down of the undesirable
and desirable outputs by the same factor. This approach was discussed in a detailed
way by Fére and Grosskopf (2003). Moving in different optimisation directions
yields shadow prices of energy-related greenhouse gas emissions in EU agriculture.

The main formulas and notations are described below.

Environmental production technology:

T= {(x,y,z) : x can produce (y,z)}, (2.10)

where x — factors of production; y — desired output; z — undesired output (GHG
emissions).
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DEA approximation of environmental production technology is provided be-
low:

K K K
D kX X0 2 MV 2 355 D My = by 20,
k=1 k=1 =1

T= (x,y,b) e RIF/*L:
i=L2,..0,j=12,...J,k=1,2,..K,[=1,2,...,L,
@.11)

here, K — decision making units (DMUs) that represent countries; k=1,2,....K —
number of DMUs; & , — weights assigned to the DMUs. 0, — specific abatement

factors for DMUs, which are applied to ensure the weak disposability of the de-
sirable and undesirable outputs.
The directional output distance function is described by:

D(x,y,z;gy,gz) =max{8:(x,y+8gy,z—8gz) eT}, (2.12)

where g = ( 2y gz) is the directional vector encompassing directions for optimi-

zation of desirable and undesirable outputs. The zero value D(-;-) implies full

efficiency and positive values imply inefficiency.
Note that the directional output distance function in Eq. 2.12 can be plugged
into fgiven by Eq. 2.11.
This provides that the original DEA model takes the following form:
D(x,y,z; g,,8,) = maxd
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The dual DEA model will take the following form:
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The dual DEA model includes the assumption that the shadow price of GHG
is equal to or greater than 0:

n/ >0, j=1,2,.,J. (2.15)

The shadow values in Eq. 2.14 can be used to calculate the shadow prices of
undesirable outputs. The following ratio yields the relative shadow price of the
J -th undesirable output:

J
csp ="z

2 2.16)
Ty

The directions of DEA optimisation (movement towards the limits of pro-

duction possibilities) are determined by the following four methods:
Proportional (radial) direction vector:

Unit direction vector:
(g,.8-)=(LD). (2.18)

Aggregate direction vector:
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(8.8:) [Zyk’zsz (2.19)
=

Aggregate mean direction vector:

(gy’gz ( Zyk’ ZZkJ (220)

Ko " Kio

Non-negative elements of the directional vectors imply that the desirable out-
puts are expanded, whereas the undesirable ones are contracted while moving
along the directional vector.

The necessary data for sustainable productivity assessment and evaluation of
GHG emission reduction shadow prices are as follows: factors of production:
work (annual working hours h), land area (hectares), intermediate consumption
(PGS 2010, excluding energy costs), energy consumption (tons of oil equivalent);
desired production (PGS 2010); undesirable outputs — GHG emissions related to
energy consumption (tons of carbon equivalent). Data can be obtained from EU-
ROSTAT agricultural economic accounts, environmental accounts, agricultural
statistics and energy balances.

2.4. Conclusions of the Second Chapter

1. Non-parametric frontier methods, such as Data Envelopment Analysis
(DEA), can be used to measure eco-efficiency with environmentally
friendly production technology. Conventional DEA applied for green/sus-
tainable productivity assessment with negative outputs has many limita-
tions; therefore, this dissertation developed a new sustainable productiv-
ity assessment model to overcome these limits.

2. This new model is based on frontier analysis and includes various supple-
ments of conventional DEA. This model allows estimating the production
function using DEA and supplementing it with global technology and a
slacks-based method (SBM) for efficiency measurement. This makes it
possible to decompose the Luenberger productivity index into the contri-
bution of all production factors and results (including GHG emissions).
Efficiency and technological changes can also be analysed.

3. DEA may be unable to measure efficiency due to decreased discrimina-
tive power when the ratio of variables to observations is high. This prob-
lem becomes particularly complicated when undesirable outputs (an ad-
ditional variable) are included. Super-efficient DEA and structural
efficiency methods have been proposed to improve the discriminative
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power of conventional DEA (reveal differences between various effi-
ciency levels.

Further, the developed sustainable productivity assessment model was
supplemented with an environmental function of production technology,
which integrates additional assumptions about the interrelationship of de-
sirable and undesirable outputs and allows the monetary expression of
undesirable outputs (GHG emissions due to energy consumption in agri-
culture). Weak disposability technology was chosen, meaning that desired
and undesirable outputs (GHG emissions) can decrease proportionally.
The directional DEA applied in the model can measure the efficiency of
decision-making units towards different directions. These directions can
be observation-specific or common to the whole sample. The developed
sustainable productivity assessment model ascertains the effects of using
the different directions on the GHG emission shadow prices. The shadow
price of GHG emissions is beneficial for policy analysis as it shows the
marginal costs of GHG emission reduction in agriculture and the possi-
bilities of energy efficiency improvement and GHG emission reduction
for a specific agriculture production technology.



Sustainable Agriculture Productivity
Assessment Results and
Conclusions

This chapter presents the results of empirical studies conducted by practically ap-
plying a developed sustainable productivity assessment model in the agriculture
of EU member states. The Third Chapter describes the main results and findings
provided by the third paper, “Creation of climate-smart and energy-efficient agri-
culture in the European Union: Pathways based on the frontier analysis”, the
fourth paper, “Achievements of the European Union member states towards the
development of sustainable agriculture: A contribution to the structural efficien-
cy”, and the fifth paper, “Does the Cost of Energy-related Greenhouse Gas Emis-
sion Abatement Depend on the Optimization Direction: Shadow pricing exercise
based on the weak disposability technology in the European Union agriculture”,
published in journals indexed in the Clarivate Web of Science Core Collection.
Also, the Third Chapter provides conclusions and policy recommendations for
promoting sustainable agriculture development in the EU Member States.
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3.1. Sustainable agricultural productivity assessment
with Data Envelopment Analysis and Luenberger
productivity index in European Union countries

The inefficiency in agricultural production was measured concerning the global
frontier. Assuming constant returns to scale (CRS), the changes in the global in-
efficiency are related to changes in the productivity of analysed EU countries. The
additive nature of the SBM of inefficiency allowed for isolating the contributions
of individual inputs and outputs towards the overall inefficiency.

The inputs and undesirable output (energy-related GHG emission) show non-
zero inefficiencies, whereas the inefficiency score for the desirable output (agri-
cultural output) is zero. This implies that the improvements in agricultural produc-
tivity in the EU are mostly related to increasing resource efficiency and improving
environmental performance. The average values of the variable-specific CRS in-
efficiency scores are further analysed to identify the key trends in inefficiency
along with the contributions of the individual variables.

The dynamics in the inefficiency scores of EU countries related to the inputs
are provided in Fig. 3.1.
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Fig. 3.1. Inefficiency dynamics in EU countries (Source: Streimikis et al., 2020)

As demonstrated in Fig. 3.1, energy use and energy-related GHG emission
showed the highest mean inefficiencies over the investigated period.

The Fig. 3.1 results show some differences among the input and output vari-
ables in terms of their contributions to the overall inefficiency. Therefore, Table
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3.1 provides the average values of inefficiencies along with the trend coefficients
(which correspond to the stochastic rates of change) for different periods.
Fig. 3.2 shows the mean inefficiency scores across the EU states for further

analysis.

Table 3.1. Inefficiency dynamics in EU countries (Source: Streimikis et al., 2020)

Period Energy Capital ‘ Labour ‘ Land ‘ GHG emissions
Average, %
1995-2016 3.84 3.51 2.37 2.18 14.21
1995-2003 4.52 4 3.55 2.79 16.57
2004-2016 3.38 3.16 1.55 1.76 12.58
Trend (speed of change), pp
1995-2016 0.1 -0.09 -0.17 —-0.09 -0.34
1995-2003 | 0.13 -0.01 0.1 ~0.06 -0.16
2004-2016 —0.08 —0.15 —0.14 0.1 —0.33
B Energy = Capital = Labour
Latvia L
Estonia
Sweden
Austria
Slovenia
Slovakia
Denmark
Belgium
Netherlands
0% 20% 40% 60% 80% 100%

Average inefficiency

Fig. 3.2. Average inefficiency of EU countries and its decomposition analysis by factors
of production (Source: Streimikis et al., 2020)
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Latvia, Poland, Estonia and Finland appear as the countries with the lowest
levels of agricultural efficiency, whereas the Netherlands, Bulgaria, Belgium and
France seem to be the most efficient countries. The decomposition of the ineffi-
ciency scores shows that energy use is responsible for the highest share of the
overall inefficiency in EU countries.

The analysis of possible convergence in agricultural efficiency requires
checking whether the spread in the inefficiency measures declines over time
across the EU Member States (Fig. 3.3).
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Fig. 3.3. Inefficiency convergence between EU countries
(Source: Streimikis et al., 2020)

Based on Fig. 3.3, all the inputs and outputs showed increasing divergence
in terms of the associated efficiency scores. Therefore, the inefficiency of energy
consumption has seen an increasing polarization in EU agriculture across the EU
countries.

The productivity measures can be decomposed concerning the sources of
productivity growth. Due to the additive structure of the SBM, the Luenberger
productivity indicator was decomposed with regard to the inputs and outputs. The
average values of the Luenberger productivity indicator and its components for
the group of selected countries are given in Fig. 3.4.

Fig. 3.4 shows that the cumulative efficiency change effect remained positive
throughout most of the period analysed. In general, the contribution of the effi-
ciency change was 0.46% p.a., and that of the technical progress was 0.33% p.a.
Therefore, the resources tended to be allocated more efficiently over time across
the selected EU countries.
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Fig. 3.4. Decomposition analysis of the Luenberger cumulative productivity
change indicator (Source: Streimikis et al., 2020)

The productivity growth can be decomposed with regard to the input/output
variables. Such an approach allows one to identify the key contributors towards
productivity growth along with the major obstacles in EU agriculture. The decom-
position is carried out at the country level and is given in Fig. 3.5.

B Encrgy M Capital MLabour BMLand BGHG emission M OQOutput o Total

Average
Slovenia
Sweden
Bulgaria
Estonia
Finland
France
Czechia
Netherlands
Latvia
Austria
Slovakia
Hungary
Poland
Romania
Belgium
Denmark
Lithuania

. 79%

1.948%
-1% -1% 0% 1% 1% 2% 2% 3% 3% 4% A% 5%
Productivity change (% per year)

Fig. 3.5. Decomposition analysis of productivity growth at the level of countries
1995-2016 average (Source: Streimikis et al., 2020)
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As the contribution of different inputs and outputs towards the productivity
growth in the agricultural sectors of the selected EU Member States varies with
time, the dynamics in the cumulative average contribution associated with each
variable are given in Figure 3.6.
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Fig. 3.6. Cumulative average productivity growth by individual factors
of production in 1995-2016 (Source: Streimikis et al., 2020)

One can notice that until 2004, all the variables contributed equally to the
growth in the agricultural productivity in the EU. However, the capital input re-
mained the least important contributor throughout the period of analysis. The con-
tribution of the energy-related GHG emission kept increasing. The labour input
was associated with the second-highest contribution to productivity growth. In
addition, the energy-related GHG emission contributed more to the productivity
growth than the energy input, showing that energy with lower carbon content was
the main factor pushing the sustainable productivity growth up in the agriculture
sector of EU countries.

The decomposition of the efficiency change (EC) at the country level is given
in Figure 3.7.

The negative EC growth is observed for Estonia, France and Slovenia. It is
mainly determined by the energy-related GHG emission and energy use. It is seen
from Figure 3.7 that France and Slovenia require not only improvements in the
energy mix but also in energy efficiency.
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Fig. 3.7. Decomposition of the efficiency change at the country level (average
values for 1995-2016) (Source: Streimikis et al., 2020)

3.2. Sustainable productivity assessment with Data
Envelopment Analysis and contribution to structural
efficiency index in European Union countries

In the first stage of analysis, the performance of the EU agricultural sector in terms
of efficiency was analysed at the country level within each year by applying con-
ventional DEA. The results are provided in Table 3.2.

Table 3.2. Efficiency scores of EU member states’ agricultural sectors (CRS),
1995-2016 (Source: Streimikis et al., 2022)

State 1995 | 2000 | 2005 | 2010 | 2016 | Average | The trend
Austria 0.89 0.89 0.90 0.95 0.95 0.91 0.005
Belgium 0.81 1.00 1.00 1.00 1.00 0.97 0.007
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End of Table 3.2

State 1995 | 2000 |2005 |2010 |2016 | Average | The trend
Bulgaria 1.00 1.00 1.00 1.00 1.00 1.00 0.000
Czechia 0.93 0.94 1.00 0.96 0.94 0.97 0.001
Denmark 1.00 1.00 1.00 1.00 1.00 1.00 0.000
Estonia 0.85 1.00 0.96 0.87 0.73 0.90 —0.003
Finland 0.69 0.67 0.70 0.71 0.68 0.69 0.002
France 1.00 1.00 1.00 1.00 0.93 1.00 —0.001
Hungary 0.86 0.88 0.96 0.84 0.97 0.89 0.003
Latvia 0.62 0.64 0.64 0.70 1.00 0.72 0.018
Lithuania 0.73 1.00 1.00 1.00 1.00 0.96 0.009
Netherlands 1.00 1.00 1.00 1.00 1.00 1.00 0.000
Poland 0.68 0.66 1.00 1.00 1.00 0.84 0.022
Romania 1.00 1.00 1.00 1.00 1.00 1.00 0.000
Slovakia 1.00 1.00 1.00 1.00 1.00 1.00 0.000
Slovenia 1.00 1.00 1.00 1.00 1.00 1.00 0.000
Sweden 0.71 0.72 0.73 0.72 1.00 0.77 0.013
Average 0.87 0.91 0.93 0.93 0.95 0.92 0.004
# of efficiency | 7 10 11 10 11 5 -

Next, the output-oriented super-efficiency DEA for ranking the EU Member
States is obtained (Table 3.3).

Table 3.3. Efficiency of the agricultural sector of EU member states (CRS super-effi-
ciency DEA scores), 1995-2016 (Source: Streimikis et al., 2022)

State 1995 | 2000 | 2005 | 2010 | 2016 | Average The trend
Austria 0.89 0.89 0.90 0.95 0.95 0.91 0.005
Belgium 0.81 — — — - 0.93 —
Bulgaria - - - - 1.80 1.80 -




3. SUSTAINABLE AGRICULTURE PRODUCTIVITY ASSESSMENT RESULTS... 35

End of Table 3.3

State 1995 | 2000 | 2005 | 2010 | 2016 | Average | The trend
Czech Republic 093 1094 |1.01 [096 |09 |0098 0.001
Denmark - - - 1.02 1.14 1.05 -
Estonia 085 |1.01 |096 |0.87 |073 |0.88 -
Finland 069 |0.67 |070 |0.71 | 0.68 |0.69 0.002
France - - - - 0.93 1.08 -
Hungary 086 |0.88 |09 |[0.84 |097 |0.89 0.003
Latvia 062 |0.64 |064 |0.70 |1.01 |0.71 -
Lithuania 0.73 1.13 1.21 1.01 1.03 1.02 0.012
The Netherlands | — - - - - - -
Poland 0.68 |0.66 |- - - 0.68 -
Romania .13 | - - - - 2.56 -
Slovakia 1.33 1.05 1.08 | - 136 | 1.23 -
Slovenia - - - - - - -
Sweden 071 10.72 073 |0.72 |- 0.72 -
Average 085 0.8 |091 |086 |1.05 |0.97 0.011
# of impossible 5 7 8 8 6 2 —
?C#igitsuper-efﬁ— ) 3 3 ) 5 6 3

Based on the results of supper efficiency DEA plotted in Table 3.3, the use
of the super-efficiency DEA allows the ranking of EU countries based on agricul-
tural productivity. There are still several countries for which the super-efficiency
model does not yield feasible efficiency scores.

Fig. 3.10 shows the dynamics of average efficiency scores according to con-
ventional and super-efficiency DEA.
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Fig. 3.10. Average efficiency scores for DEA and super-efficient DEA
(Source: Streimikis et al., 2022)

As Fig. 3.10 demonstrates, supper efficiency DEA results spike in the aver-
age efficiency trend as the infeasible solutions occur and make the ranking based
on supper efficiency DEA impossible.

Therefore, further, the contribution to the structural efficiency approach is
applied as the ranking becomes impossible for fully efficient observations. As it
is possible to consider the two groups of observations, efficient and inefficient,
the contribution to the structural efficiency index allows for separating countries
based on those contributing to the increase in structural efficiency (with index
values exceeding unity) and those not (index values less or equal to unity).

Table 3.4 shows the average efficiency levels for different groups of obser-
vations.

Table 3.4. Average efficiency levels by average contribution to structural efficiency
(Source: Streimikis et al., 2022)

o Inefficiency
Contribution Average
Inefficient Efficient
I <1 0.80 1 0.87
I5>1 0.94 1 0.99
Average 0.81 1 0.92
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Based on Table 3.4, the efficient observations tend to positively contribute to
the aggregate efficiency more often than the inefficient ones.

The distribution of observations in terms of efficiency and contribution to
structural efficiency is given in Table 3.5.

Table 3.5. Distribution of observables (agricultural sectors of EU member states) according
to efficiency levels and contribution to overall efficiency (Source: Streimikis et al., 2022)

Contribution Inefficiency Total
Inefficient | Efficient

Absolute frequencies

I <1 144 75 219

If>1 16 139 155

Total 160 214 374

Relative frequencies

15 <1 90% 35% 59%

I5>1 10% 65% 41%

Total 100% 100% 100%

The trends of the average contribution to the structural efficiency are pro-
vided in Fig. 3.11.
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Fig. 3.11. Average index of contribution to structural efficiency
for efficient and inefficient observations (Source: Streimikis et al., 2022)
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Finally, an EU country-specific analysis of average efficiency and contribu-
tion to the structural efficiency is provided in Table 3.6.

Table 3.6. Average efficiency and contribution to structural efficiency of EU Member

States, 1995-2016 (Source: Streimikis et al., 2022)

Contribu- Number of Number of . Number .
tion to DEA years of years not possi- | of years of | Final
State ble to solve positive | rank-
structural average |country . . .
efficiency efficiency with .the super gontrlbu- ing
efficiency DEA |tion
Romania |1.023149 1 22 12 22 1
Nether- 11 95307 |1 22 2 18 2
lands
Bulgaria |1.011594 1 22 21 22 3
Slovakia |1.001755 1 22 6 18 4
Slovenia |1.000281 1 22 22 12 5
Denmark |0.997418 0.99808 |20 12 3 6
France 1.070929 0.99708 |21 18 21 7
Czechia | 0.998272 0.97028 |7 0 5 8
Belgium | 1.007048 0.96935 |18 16 19 9
Lithuania |0.995932 0.95689 |16 0 4 10
Austria 0.997139 0.91403 |0 0 3 11
Estonia 0.996926 0.89864 |5 4 0 12
Hungary |0.999253 0.88691 |0 0 8 13
Poland 0914115 0.84153 |11 11 0 14
Sweden |0.981677 0.77143 |4 4 0 15
Latvia 0.99011 0.72257 |2 1 0 16
Finland 0.982399 0.68700 |0 12 0 17

The results of the analysis show that even though countries can be ranked in
terms of the two efficiency measures, some differences between adjacent ranks
are rather insignificant. For instance, Romania and the Netherlands show close-
to-nil differences in the average contribution to structural efficiency.
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Most of the efficient countries show high numbers of infeasibilities of the
super-efficiency DEA. Therefore, these countries show somewhat distinctive pat-
terns of input mix and production scale, which place them outside the production
plans of the other countries. Therefore, the measures of the contribution to struc-
tural efficiency allow for improved ranking of countries in terms of sustainable
agriculture productivity under the presence of heterogeneity in the input mix.

3.3. Assessing shadow prices of reduction of
negative outputs in European Union countries

The GHG emission shadow price is determined by the slope of the underlying
output isoquant and is related to the GHG emission intensity. Energy-related GHG
emission per unit of agricultural output weighted by the output share is important
for the construction of the marginal GHG emission abatement cost curve
(Fig. 3.12).
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Fig. 3.12. GHG intensity (GHG/agricultural production) in EU countries 1995-2017
(Source: Streimikis et al., 2023)

The three models (Proportional or radial, unit direction and aggregate DDF)
defined in Section 2 of this work rendered the estimates of the shadow prices for
energy-related GHG emission in the agriculture of EU countries. The aggregate
results of GHG emission shadow prices are given in Figure 3.13.
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According to Fig. 3.13, GHG emission shadow prices based on the radial
DDFs are lower than those based on the non-radial DDFs.

Table 3.7 analyses the country-specific data on the levels and dynamics of
GHG emission shadow prices.

Table 3.7. The average shadow price of GHG (PPS 2010/kg CO ;eq.) and its change
(% per year), 1995-2017 (Source: Streimikis et al., 2023)

Country Aggregate DDF Radial DDF Unit DDF
Average Trend Average | Trend Average | Trend

Austria 2.4 0.1 2.3 0.0 24 0.0
Belgium 1.9 3.8 2.2 3.8 2.2 3.5
Bulgaria 3.1 2.2 2.7 1.4 35 1.8
Czechia 2.4 -1.1 2.5 -1.5 2.8 0.8
Denmark 2.6 3.6 2.6 4.7 2.7 4.9
Estonia 4.5 —4.4 3.3 2.0 5.1 -3.0
Finland 0.7 4.0 1.2 1.0 2.0 0.8
France 3.6 0.8 3.8 -0.3 3.7 1.0
Greece 2.2 11.4 2.0 10.3 3.8 14.8
Hungary 35 -1.1 34 -0.8 3.7 —0.8
Ireland 2.8 4.2 2.7 3.5 3.0 43
Italy 3.1 0.2 3.0 -29 2.4 2.2
Latvia 1.1 13.5 1.2 12.8 2.4 10.6
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End of Table 3.7

Aggregate DDF Radial DDF Unit DDF

Country Average Trend Average | Trend Average | Trend
Lithuania 4.9 4.0 4.6 59 8.8 4.2
Netherlands 1.5 0.7 1.5 0.7 1.3 1.4
Poland 0.0 — 0.0 — 1.1 2.8
Portugal 2.2 —0.2 1.7 -3.7 2.8 3.0
Romania 15.1 -4.9 5.7 0.5 35.0 0.8
Slovakia 7.3 -8.1 5.1 2.0 8.2 —6.4
Slovenia 3.9 0.1 4.1 4.0 4.9 1.1
Spain 0.2 -2.5 0.2 —4.1 0.4 2.0
Sweden 0.7 -10.4 0.8 -9.5 1.5 —4.1
UK 2.6 3.3 2.6 34 2.6 2.8
Average 3.1 0.9 2.6 1.5 4.6 1.7
Weighted av. 2.0 0.5 1.9 0.2 2.5 1.2

Based on Table 3.7, the lowest shadow price can be observed for Poland and
Spain, irrespective of the DDF applied. The highest shadow price is available in
Romania and Slovakia. Countries having lower shadow prices should put more
effort into reducing GHG emissions as they have a higher potential to do this.

In Fig. 3.14, the weighted averages of the relative total abatement cost are
constructed for the group of EU countries.
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Fig. 3.14. GHG reduction costs (weighted average), i.e., shadow price multiplied by
GHG emissions, 1995-2017 (Source: Streimikis et al., 2023)
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The GHG emission shadow prices obtained by different DDFs show different
levels of the relative total abatement cost. The unit DDF provides for the highest
relative total abatement costs.

The country-specific relative total abatement costs (measured as a share of
the agricultural output) are given in Table 3.8.

Table 3.8. GHG reduction costs and their trend (individual countries), 1995-2017
(Source: Streimikis et al., 2023)

Aggregate DDF Radial DDF Unit DDF

Country ;\g\;er- Trend Average | Trend Average | Trend
Austria 0.45 -0.7 0.45 -0.8 0.45 —0.8
Belgium 0.67 0.9 0.75 0.5 0.75 0.5
Bulgaria 0.25 -0.3 0.22 -0.5 0.22 -0.5
Czechia 0.60 2.4 0.61 2.7 0.61 2.7
Denmark 0.77 -0.3 0.73 0.7 0.73 0.7
Estonia 0.86 -1.1 0.72 2.7 0.72 2.7
Finland 0.33 0.6 0.63 —0.6 0.63 —0.6
France 0.75 0.1 0.79 —0.8 0.79 —0.8
Greece 0.26 0.1 0.24 0.1 0.24 0.1
Hungary 0.43 -1.4 0.41 -1.2 0.41 -1.2
Ireland 0.45 0.6 0.42 0.3 0.42 0.3
Italy 0.56 —0.6 0.57 -2.3 0.57 2.3
Latvia 0.27 3.3 0.29 3.3 0.29 3.3
Lithuania 0.36 0.0 0.33 0.6 0.33 0.6
Netherlands | 0.71 -0.3 0.71 -0.2 0.71 -0.2
Poland 0.00 0.0 0.00 0.0 0.00 0.0
Portugal 0.35 -0.4 0.27 -1.3 0.27 -1.3
Romania 0.50 -3.8 0.18 -0.4 0.18 -0.4
Slovakia 0.67 -1.7 0.61 2.8 0.61 2.8
Slovenia 0.79 0.8 0.81 2.6 0.81 2.6
Spain 0.06 -0.2 0.06 —0.3 0.06 —0.3
Sweden 0.29 -3.1 0.34 -3.4 0.34 3.4
UK 0.60 1.1 0.59 1.1 0.59 1.1
Average 0.48 0.5 0.47 0.0 0.47 0.0
Weighted av. | 0.43 -0.2 0.44 -0.5 0.44 -0.5
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As shown, the rankings of countries based on the GHG emission shadow
price (Table 3.7) and based on the relative total abatement costs (Table 3.8) differ
because the relative total abatement cost involves not only the shadow price in-
formation but also covers the magnitude of GHG emission.

Further, the marginal abatement cost (MAC) curves are developed to check
the GHG emission intensity elasticity of the shadow prices. The log-log models
for the three types of the DDFs are presented in Fig. 3.16.

¥ = 40.7921n{x) - 0.4745

Emission inEnsity

a —aggregate DDF

L y = 0.566l{x) - 0.162

emission intensity

b — radial DDF

To be continued
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Fig. 3.16. Marginal GHG abatement cost curves (Source: Streimikis et al., 2023)

According to Fig. 3.16, marginal cost curves based on the unit and aggregate
DDFs showed elastic responsiveness of the shadow price to the emission intensity.
Therefore, a 1% reduction in the GHG emission intensity requires more than
around a 1.02% increase in the GHG emission shadow price for unit and aggregate
DDF. For the radial DDF, the elasticity drops to 0.57, demonstrating that abate-
ment becomes less costly.

3.4. Conclusions of the Third Chapter

1.

Empirical research applying a sustainable productivity assessment model
with undesirable outputs has revealed that energy use and energy-related
GHG emissions have proven to be important determinants of overall ag-
ricultural inefficiency in EU member states.

By applying conventional DEA supplements, such as SBM and Luen-
berger productivity indicators, it was possible to isolate the contributions
of individual inputs and outputs towards the overall inefficiency of agri-
culture production.

Inefficiency due to energy-related GHG emissions in Belgium, Austria,
Slovakia, Denmark, Sweden, Finland and Lithuania contributed relatively
little to overall inefficiency (37-49% of total inefficiency), while such
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countries as France, Romania, Slovenia, Czech Republic, Hungary, Esto-
nia and Poland were relatively inefficient in this regard (GHG emissions
inefficiency accounted for 60-70% of the total inefficiency in the ana-
lysed period. Therefore, countries that use cleaner energy have lower
GHG inefficiency (this is the case in Austria, Slovakia and Lithuania). In
energy-saving countries, however, the opposite is true. Overall, energy-
related inefficiency has decreased in the EU during the investigated pe-
riod.

4. Productivity growth was disaggregated by factors of production/output
variables and sources of growth (i.e., efficiency changes and technical
progress). The average annual productivity growth in EU countries was
0.79% during the research period. The largest increase in productivity was
observed in Lithuania, Denmark, Belgium and Romania (1.27-1.94% per
year). Productivity growth associated with GHG emission reductions
dominated in Lithuania, Denmark, Belgium, Romania, Poland, Austria,
France, the Netherlands, Hungary and Estonia. These countries have suc-
ceeded in reducing energy-related GHG emissions without reducing out-
put levels. This can be achieved by increasing the share of renewable en-
ergy sources. Therefore, EU member states have achieved significant
growth in sustainable productivity of the agricultural sector.

5. Convergence analysis showed that in 1995-2003, countries were charac-
terised by huge differences and divergence in productivity growth; in
2003-2016, the trends were unclear. Differences in inefficiency rates
tended to increase over time between EU countries. However, the varia-
tion in inefficiency due to energy consumption and GHG emissions had
the smallest variation between countries.

6. The empirical study results can be useful for policymaking to ensure the
convergence of EU member states in agricultural efficiency and produc-
tivity. Important findings from using DEA supplemented by additional
efficiency measures are that sustainable productivity can be increased in
all EU countries, regardless of the level of economic development. Sup-
port should also be given to lagging countries to promote the use of
cleaner energy in agriculture. Specific cases (e.g., Sweden and Slovenia
in this study) can be identified as advanced and other countries might fol-
low their model of sustainable productivity growth.

7. The analysis of sustainable productivity in EU countries showed an in-
crease in sustainable agriculture performance in Bulgaria, Denmark,
France, the Netherlands, Romania, Slovakia and Slovenia, as measured
by conventional DEA; therefore, these countries could not be ranked by
the conventional DEA model.
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10.

11.

12.

13.

Even with the application of super-efficient DEA, performing a full rank-
ing of efficient countries was impossible. Such countries as the Nether-
lands and Slovenia could not be assigned extremely high-performance
scores due to infeasibilities. This indicates that such countries have certain
combinations of inputs and outputs that are not directly comparable to
inputs in other countries.

Therefore, the ranking of EU countries was made using the contribution
index to overall efficiency. Romania, the Netherlands, Bulgaria, Slovakia
and Slovenia were ranked highest in terms of contribution to structural
efficiency (in the same order). It should be noted that France and Belgium
showed a positive contribution to structural efficiency, although they
were not classified as efficient countries. Cooperation with these coun-
tries would, therefore, allow other countries to use their agricultural re-
sources more productively and sustainably.

The results show that the old and new EU member states are among the
countries that received the best ratings. However, among the seven coun-
tries that proved fully efficient under the conventional DEA model, four
countries joined the EU only in 2004. Thus, even countries with relatively
lower levels of economic development (including agricultural productiv-
ity) can be ecologically efficient due to less intensive agricultural produc-
tion and lower energy-related greenhouse gas emissions.

The sustainable productivity model was further extended based on DEA
for estimating undesirable outputs (GHG emissions) in monetary terms
based on shadow prices of GHG emission reduction. The aggregate, radial
(output) and unit Directional Distance Functions are applied. The radial
DDF varies across the observations and preserves the observed output
mix (i.e., agricultural output and energy-related GHG emission), whereas
uniform directions are imposed otherwise.

The empirical results showed that the shadow prices of energy-related
GHG emissions depended on the chosen DEA optimisation direction. In-
deed, the output distance function of the proportional (radial) direction
showed the lowest level of shadow prices, as it most closely matches the
data structure.

The lowest average shadow price observed in Poland and Spain indicates
that these countries must focus on reducing energy-related GHG emis-
sions in agriculture. Conversely, the highest shadow prices were found in
Romania and Slovakia, indicating that these countries do not require
much effort to reduce energy-related GHG emissions in the short term as
the cheapest potential of GHG emission reduction is already utilised in
these countries.
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14.

15.

Decision-makers formulating support policies for agriculture in the Euro-
pean Union, such as the Common Agricultural Policy, could consider the
shadow prices of GHGs when determining support measures (especially
the second pillar of the CAP). Also, shadow price analysis can be used for
agricultural support programmes providing rural development measures
in different regions. Marginal abatement cost curves are also useful for
justifying the desired level of energy-related GHG emission reductions in
selected countries

The results of the empirical application of the developed advanced sus-
tainable productivity assessment model showed that the analytical tools
and methods used for analysis need to be considered when planning en-
ergy and climate change mitigation policies to adequately address coun-
try-specific challenges.






General Conclusions

The agricultural sector is related to the socioeconomic and environmental sys-
tems. This implies that taking into account multiple dimensions of agricultural
performance is required for the evidence-based analysis. The systemic analy-
sis of literature on sustainability assessment in agriculture revealed that the
analysis of sustainability and agricultural productivity growth can be imple-
mented within the environmental production technology framework. Here,
the undesirable outputs effectively represent the environmental effects of ag-
ricultural activities, and productivity and production factors represent the eco-
nomic and social dimensions of agricultural sustainability.

The PRISMA protocol was used for a systematic literature review on sustain-
able development and agricultural productivity growth. The literature selected
based on the PRISMA statement dealt with agricultural pollution, sustainable
agriculture, and environmental performance. The DEA models can be adapted
in an effective manner to assess agricultural efficiency when the undesirable
outputs are controlled for. However, the performed analysis revealed that the
conventional DEA models exhibit such limitations as dimensionality when
assessing agricultural efficiency and productivity growth. This becomes in-
credibly cumbersome in the presence of undesirable outputs. An empirical
application to the EU agriculture showed that, e.g., the super efficiency DEA
was not feasible under the constant returns to scale assumption for some cases.
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Therefore, new models are needed to evaluate efficiency and productivity
growth with undesirable outputs.

DEA is a non-parametric frontier method that can be utilized to determine
eco-efficiency using the environmental production technology. These
measures can then be used for the analysis of the green productivity growth.
However, the conventional DEA models may not be operational when unde-
sirable outputs are involved in the efficiency and productivity growth assess-
ments. To overcome these limitations, novel techniques were adapted to for
assessment of the efficiency and productivity growth in the EU agriculture.
The proposed new sustainable productivity assessment model involves such
extensions as the global production technology and slacks-based measures.
This makes it possible to decompose the Luenberger productivity indicator
into the contribution of all production factors and outputs, including GHG
emissions, when explaining the efficiency change and technological change.

The use of the frontier models involving the undesirable outputs allow for the
shadow pricing of such outputs. However, the results may depend on the ori-
entation of the model with respect to the input and output variables. The DEA
models based on the environmental production technology were tested with
different directional vectors when obtaining the monetary values associated
with the undesirable outputs (GHG emission due to energy consumption in
the EU agriculture). The results relevant to the different directions implied
different shadow prices of the GHG emission. This research is useful for pol-
icy analysis as it showed the marginal costs of GHG emission reduction in
agriculture and the possibilities for abatement of the GHG emission. The
shadow prices of GHG emission reduction obtained by this model allowed to
identify the best-performing countries and those which require further im-
provements in the energy mix by fast penetration of renewable energy sources
and energy efficiency improvements to achieve sustainable development of
the agricultural sector.
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1 | INTRODUCTION

Abstract

The agricultural sustainability issues are widely addressed in scientific literature and
various reports by international organizations. However, there is lack of harmonized
approach in addressing agricultural sustainability issues as different policies are
targeting different sustainability issues in agriculture. This article analyses sustainable
agriculture development and agriculture sustainability concepts and sustainability
assessment approaches and tools developed for agriculture sector. Based on system-
atic critical literature review, this article develops the new indicators framework for
sustainability assessment in agriculture which allows us to achieve harmonization of
sustainable development, climate and agricultural policies in European Union (EU).
The proposed indicators framework allows us to address the main sustainability
issues of agriculture by linking them with sustainable development goals, environ-
mental, climate and rural development policy priorities in EU. The main contribution
of this article is linking rural policy goals with sustainable development, climate
change mitigation and environmental policy goals by providing agricultural sustain-
ability assessment framework allowing us to track these linkages through indicators

system.

KEYWORDS
climate change, framework, indicators, rural development, sustainable development goals,
sustainable agriculture

sequestration of greenhouse gases (GHG) in soil and crops; mitigation
of flood risks by adopting certain farming practices. The concept of

Agriculture is closely linked to the environment. The main challenge
for the agricultural sector is to feed the growing world population
while mitigating environmental impacts and conserving natural
resources for the future (Vasylieva, 2019). As this sector can have a
foremost effect on the environment the achievement of sustainable
agriculture development is crucial for present and upcoming genera-
tions. Agriculture can have negative impacts and positive impacts on
environment. The negative impacts are linked air, water and land pol-
lution, degradation of soil and danger for various species. The positive
effects of agriculture on the environment can be of following:

sustainable agriculture makes it possible to define the main environ-
mental effects of agriculture and the major environmental challenges
facing its development (Pretty, 2005a; Pretty, 2005b).

During United Nations (UN) Summit on Sustainable Development,
Agenda 2020 and 17 sustainable development goals (SDGs) were
adopted and world countries committed to work together on achiev-
ing sustainable development path together (Zheng et al., 2019). The
European Union (EU) has also adopted 17 UN DSGs for 2030 and has
made firm commitments to mitigate climate change. There are several
SDGs linked to agriculture, however, the most important for this

Sustainable Development. 2020;1-11.

wileyonlinelibrary.com/journal/sd

© 2020 ERP Environment and John Wiley & Sons Ltd I 1



60

AUTHOR’S PUBLICATIONS COLLECTION

2 WILEY_stmble s G !

STREIMIKIS AND BALEZENTIS

sector has two goals. SDG goal 15 aiming the protection, restoration
and advancement of sustainable usage of terrestrial ecosystems and
forests, halting land degradation including desertification and losses of
biodiversity as well as goal 13 demands an urgent action to deal with
climate change and its negative outcomes.

The measurement of sustainability and the associated metrics
have been discussed in the literature ((Chen, Gao, Li, & Song, 2020;
Liu, Rong, & Teng, 2019; Mirghaderi, 2020; Savitz & Gavriletea, 2019;
Zhu, Sun, He, & Zhao, 2019). There are plenty of studies dealing with
sustainable agriculture and agricultural sustainability (Buttel, 2003;
Constance, 2010; Food and Agriculture Organization of the United
Nations, 2010; Johnson, 2006; Ogaji, 2005; Pretty, 2005a; Rivera-
Ferre, Ortega-Cerda, & Baumgirtner, 2013; Scherr & McNeely, 2008;
Swift, lzac, & van Noordwijk, 2004; Tilman, Cassman, Matson,
Naylor, & Polasky, 2002; Trewevas, 2002; Uphoff, 2002; Velten,
Leventon, Jager, & Newig, 2015) however, there is a gap in scientific
literature in addressing all interlinked issues of sustainable develop-
ment and agricultural sustainability and developing solid framework
for sustainability assessment of agriculture in holistic, harmonized way
by addressing clear linkages with SDGs and other challenges of sus-
tainable development.

This study aims to analyse the main challenges of sustainable agri-
culture development or/and agricultural sustainability by linking it
with SDGs and to develop sustainabilit it k for
agriculture sector based on country policy priorities. In order to
address this goal, the following tasks are set:

*To analyse the literature dealing with sustainable agriculture
concepts, i
approaches.

#To analyse the main SDGs and their interlinkages with agricul-
ture policy aims and priorities.

tools and ks and

*To propose sustainability assessment framework for agriculture
to address inable development,
culture policies in harmonized way for EU Member States.

The rest of the article is structured in the following way: Section 2
deals with literature review on sustainable agriculture and sustainabil-
ity assessment tools and frameworks in agriculture, Section 3 presents
the interlinkages between SDGs and agriculture addressed in agricul-
ture policies; Section 4 develops inabili k
for agriculture; Section 5 provides conclusions and policy implications.

tal, climate and agri-

2 | LITERATURE REVIEW

2.1 | Sustainable agriculture and sustainability of
agriculture

The agricultural sector is a key sector in terms of achieving SDGs
(Conway, 1997; Cox, Picone, & Jackson, 2004). The numerous policy
documents in this field stress the importance of nourishing, safe and
healthful food for increasing number of world people, while providing
more and more farm animals with fibre, fuel and other biological prod-
ucts for industrial use (Clements & Shrestha, 2004; Gliessman, 2005;

Latruffe et al., 2016). This important sector must also use more sus-
tainable natural resources to protect land and save biodiversity
resources, to preserve clear air and water and to mitigate climate
change and adapt to it (McNeely & Scherr, 2003; Pretty, 2005a).
Therefore, in order to deal with these tasks and react on opportuni-
ties, the agriculture will need to adopt innovative methods in land cul-
tivation, farming, production, supply chain management, etc. and to
increase productivity in sustainable mode (Ogaji, 2005; Velten
etal., 2015).

The term sustainable agriculture was developed based on
Brundtland Report published in 1987 in and is based on the broader
paradigm of sustainable development. More than 70 meanings of sus-
tainable agriculture can be found in the literature. They reflect differ-
ent priorities, diverse goals and specific valuers for specific
stakeholders (Pretty, 1995).

Therefore, there are many descriptions of sustainable agriculture
due to an extensive disparity in terms of how sustainability in agricul-
ture or agricultural sustainability is outlined and how it is followed in
the decision-making process. In scientific literature sustainable agricul-
ture is often linked to ‘alternative’ agriculture concept, such as ecolog-
ical, low-input, environmentally sensitive, biodynamic, community,
extensive, fresh farm, free breeding, low inputs, organic, regenerative,
permaculture, prudent use, etc. (Clements & Shrestha, 2004; Dunlap,
Beus, Howell, & Waud, 1993; Gliessman, 2005; Kesavan &
Swaminathan, 2008; National Research Council, 2000). There is still
an ongoing and deep debate among scholars (Altieri, 1995;
Balfour, 1943; Buttel, 1997; Gliessman, 2005; Meredith, 2019;
Pretty, 2005a; Reganold, Papendick, & Parr, 1990) whether agriculture
sector using specific definitions can be considered as sustainable one.
In this atricle agricultural sustainability and sustainability of agriculture
are used as synonyms.

The main normative dimensions of sustainable agriculture are
social, economic and environmental however, spatial and temporal
dimensions of agricultural sustainability are also important (Tomich
et al., 2004). Spatial dimensions range from national to local level, and
temporal dimensions cover long-term, mid-term and short-term time
periods. The main concepts of sustainable agriculture follows the fol-

lowing main principles: as ideology, i as a
set of strategies, sustainability as the capability to continuous outlast
and sustainability as the capability to achieve specific goals or defined
targets (Hayati, 2017).

Agricultural systems are generally multifunctional and co-produce
various goods including food for farmers and markets, but it also pro-
vides many public goods like preserve nature, clean air and water,

flood protection, groundwater replenishment, carbon sequestration
and delivers the landscaping services including leisure and tourism.
Therefore, sustainability in agriculture can be considered as case-
specific representing first of all an equilibrium between different agri-
cultural and public goods (Dobbs & Pretty, 2004; MEA, 2005; Organi-
sation for Economic Co-operation and Development, 2001).

As sustainable agriculture is oriented toward the usage of mostly
natural goods, the innovative technologies and advanced practices
need to be developed and locally adapted. This requires also new
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forms social capital, consisting of belief in relationships expressed in
new organizations, new partnerships and networking among institu-
tional and human capital, incorporating leadership, resourcefulness,
managerial and innovating capabilities (Chambers, Pacey, &
Thrupp, 1989; Olsson & Folke, 2001). Agriculture sector distinguished
with high social and human capital is more capable of innovating and
achieving SDGs in current time full of uncertainties and risks
(Bunch & Lopez, 1999; Pretty & Ward, 2001; Uphoff, 2002).

Because agriculture often has a substantial effect on environment,
first of all sustainable agricultural practices need to be designed to pro-
tect the environment. Thus, in a broad sense, sustainable agriculture
aims to satisfy needs for food and fibre needs, to ensure profitable farm
incomes by promoting environmental management and increasing life
quality in rural areas. Therefore, though agricultural sustainability can
be defined by various definitions but it finally aims to natural resources
and rural communities by promoting lucrative, organic and community-
friendly farming practices and methods (Dunlap et al., 1993).

Based on extensive literature review (Altieri, 1995; Conway,
1997; Dale, Kline, Kaffka, & Langeveld, 2013; Gliessman, 2004;
Gliessman, 2005; Hinchcliffe, Thompson, Pretty, Guijt, & Shah, 1999;
Kesavan & Swaminathan, 2008; Li, 2001; McNeely & Scherr, 2003;
National Research Council, 2000; Pretty, 1995; Pretty, 1997; Pretty,
1998; Pretty, 2005a; Pretty, 2005b; Reganold et al., 1990; Robinson,
2009; Scherr & McNeely, 2008; Swift et al., 2004; Tilman, 1999;
Tilman et al., 2002; Tomich et al., 2004; Velten et al., 2015) the fol-
lowing basic principles of sustainable agriculture can be highlighted:

N

. Integration of biological and environmental processes into food
supply chains.

2. Minimization of usage of non-r

. Effective usage of farmers' capacities and skills and their collective
abilities to work together to resolve sustainable development chal-
lenges for agriculture.

resources.

w

Thus, sustainable agriculture is being defined as economically via-
ble and profitable; socially encouraging as life quality of farmers is
important and ecologically sound to preserve natural environment and
its resources sustaining the society (FAO, 2013). Based on (Food and
Agriculture Organization of the United Nations, 2014) definition, the
‘sustainable development in agriculture, forestry, fishing, etc., con-
serves land, water, plant and animal genetic resources, is environmen-
tally non-degrading, technically appropriate, economically viable and
socially acceptable’.

Recently, the eco-efficiency and green productivity concept in
assessing agriculture sustainability became prominent. The current
successful agricultural sustainability initiatives have been devel-
oped addressing changes in the following production factors:
switching from fertilizer to nitrogen-fixing legumes or replacing
pesticides by natural products, etc. (Buttel, 2003; Conway &
Pretty, 1991). Very important point in promoting sustai agri-
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The most critical issues are linked to intensification of agriculture
through the usage of all forms of capital (natural, social, human, finan-
cial, etc.) joined with the use of the advanced technologies leading to
the cost's reduction and resource savings. At the same time, the usage
of the best genotypes and top environmental management practices
has to be applied to environmental damage and avoid ‘unsustainable
intensification’ of agriculture (FAO, 2010). Though the sustainable
agriculture concepts include diverse issues varying at the regional and
country context (Balaceanu, 2013), some agreement and commonali-
ties can be defined. Firstly, most of the sustainable agriculture defini-
tions, include three pillars of sustainability—economic, social and
environmental; Secondly, all sustainability dimensions and issues are
closely interlined and reinforcing each other; Thirdly, the environmen-
tal and safety issues are the key in this concept.

2.2 | Sustainability assessment approaches and
tools in agriculture

There is plenty of sustainability assessment tools and various frame-
works advanced to back up policy-making in achieving agricultural
sustainability (Kasem & Thapa, 2012; Marchand et al., 2014; Talukder,
Hipel, & van Loon, 2018; Zahm, Viaux, Vilain, Girardin, & Mouchet,
2008; Zrobek, Kovalyshyn, Renigier-Bitozor, Kovalyshyn, &
Kovalyshyn, 2020). However, there is the lack of holistic indicators
system that allows assessment of agricultural sustainability in different
countries. In addition, these frameworks do not offer a robust basis
it of countries.

for ive agricultural st
The policymakers in agriculture requires timely, precise and transpar-
ent information and supporting data on many issues linked to agricul-
ture sustainability: production of crops and livestock, implementation
of advanced technologies, degradation of land, amount of various
kinds of pesticides and fertilizers consumption, a water use and effi-
ciency, labour use, food prices, etc. (United Nations Sustainable
Development Solutions Network, 2014).

Even though a great number of indicators for sustainability
assessment in agriculture were established, they usually do not take
into account all dimensions and indicators on all levels and do not
cover all issues of SDGs relevant to agriculture addressed in scientific
debate on sustainable agriculture. Because of differences in socioeco-
nomic, geographical and climate conditions among countries, indica-
tors of agricultural sustainability applied in one state are usually not
acceptable for other states (Rasul & Thapa, 2004). In conclusion, most
indicators of sustainable agriculture development are site specific and
constructed in accordance to contemporary socioeconomic situation
of the country (Barbier, Markandya, & Pearce, 1990).

Much effort was put to develop relevant indicators of sustainable
agriculture on various levels and of different aggregation. The early
initiative by (Organisation for Economic Co-operation and
D 1999) prop 39 indicators linked to the following

culture systems is better utilization of natural resources like biodi-
versity, water and land and implementation of new resource

savings technologies.

sustainable agriculture issues: financial resources of the farms, the
usage of water, soil, fertilizers and pesticides, the quality of soil, water
and land conservation, GHG emissions, landscape and wildlife
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biodiversity indicators. These indicators can be employed for assess-
ment of agricultural sustainability at country level. However, these
indicators are not appropriate at farm level for assessment of agricul-
tural sustainability (Webster, 1999).

Sands and Podmore (2000) proposed that the index of environ-
mental sustainability for assessing agricultural sustainability in
US. This index comprises of 15 sustainability sub-indices covering
issues, such as soil depth and organic carbon, the density and of gro-
und water and the depth of ground water. (Gowda & Jayaramaiah,
1998) developed nine indicators for measuring just sustainability of
rice production in India. Bouma and Droogers (1998), Rigby,
Woodhouse, Young, and Burton (2001), Buchs (2003) and Reytar,
Hanson, and Henninger (2014) identified that a set of indicators to
assess the ecological, economic and social sustainability issues of
agriculture.

EU developed the Indicators for the Economic and Social Dimen-
sions of Sustainable Agriculture framework proposed the following
areas of agricultural sustainability: Stock maintenance or protection
and renewal for supporting the well-being; Avoiding inefficiency and
promoting efficiency in transformation processes; and Intra- and inter-
generational equity. Therefore, these three main areas represented as
the main objectives of agricultural sustainability for EU Member
States and these are still available in recent policy documents on sus-
tainable rural development.

Nevertheless, agricultural sustainability concept can be further
expanded. Sustainable agriculture demands for enhanced environment
but also continued existence of farms in rural areas by preserving pro-
ductive functions of European agricultural sector (European
Commission, 2000). Thus, in order to guarantee sustainable develop-
ment, the maintenance of a natural, human and human produced capi-
tal in agriculture sector is necessary and to achieve equity and
efficiency of production in this sector.

Within this aim it is necessary to define general concerns about
conservation of natural resources and to rise society interests in
strengthening the social role of agriculture sector for empowering of
farm communities and ensuring their preservation (European
Commission, 2001, 2002). In 2006 the IRENA operation (Indicator
Reporting on the Integration of Environmental Concerns into Agricul-
ture Policy) was initiated by European Environmental Agency (EEA)
aiming at elaboration of agri-environmental indicators for observing
EU agriculture policies and assessing impact of agriculture systems on
environment (European Environment Agency, 2006).

There were also several attempts to develop sustainability indices
or aggregated indicators of agricultural sustainability. Specific sustain-
ability indicators are developed on raw data and it is possible to aggre-
gate them. The development of composite agricultural sustainability
indicator is built on the integration of specific individual indicators
covering different pillars of sustainability (Binder, Feola, &
Steinberger, 2010). Aggregation is being performed by integrating
several indicators into a single value, represented by applying normali-
zation technique: various multi-criteria decision aiding models ranging
from simple weighted ion to i fuzzy-

(Bausch, Bojorquez-Tapia, & Eakin, 2014). During normalization the

weights of indicators comprising integrated indices need to be defined
by experts' surveys (Chand, Sirohi, & Sirohi, 2015). There are other
combination methods like converting all indicators into the common
monetary or physical unit as ecological footprint. Cost-benefit ana-
lyses can be applied as aggregation techniques however, they should
address the important challenges how to asses in monetary terms
non-market goods, such as quality of the air and water or biodiversity
changes, etc.

Agricultural sustainability assessment at the farm level covers
many tools and frameworks. Different environmental objectives of

sustainable agriculture development were assed in these diverse stud-
I

ies. There have been indicators d
tal Impact Assessment method developed by (Girardin, Bockstaller, &
van der Werf, 2000) aiming at evaluation of the influence of
i 1t. Life cycle analysis method
for crops, livestock and forestry developed by (Rossier, 1999) and new
methodical way of prototyping integrated method for assessment of
agricultural sustainability for particular groups of stakeholders

ped for farms, like Envil -

agr on

(farmers, policy makers) was developed by (Vereijken, 1997). Agro-
ecological system attributes and the statistical simulation modelling
methods were applied to cover three groups of environmental objec-
tives. Two environmental objective groups were addressed by and
scenario-based approach and response inducing sustainability evalua-
tion approach. The following approaches were developed to address
various environmental targets groups: Environmental Sustainability
Index, Farmer Sustainability Index, Sustainability Assessment of the
Farming and the Environment Sustainable Agricultural Practice and
Multi-scale Methodological Framework. (Sabiha, Salim, Rahman, &
Rola-Rubzen, 2016; Warhurst, 2002).

3 | SUSTAINABLE DEVELOPMENT GOALS
IN AGRICULTURE AND POLICIES

3.1 | Agriculture and sustainable
development goals

The 2030 Agenda for Sustainable Development set indicators for
assessing sustainability based on its all pillars and including agriculture
as well. There are several SDGs linked to agriculture. They are as
follows:

[

SDG2 aiming to end hunger, achieve food security and improved
nutrition and to promote sustainable agriculture.

2. SDG3 targeting healthy lives and promote well-being for all at
all ages.

3. SDG6 seeking ilability and sustainabl of water
and sanitation for all.

4. SDG12 safeguarding sustainable consumption and production
patterns.

5. SDG13 calling for urgent action to combat climate.

6. SDG 15 calling to protect, restore and promote sustainable use of

terrestrial ecosystems, sustainably manage forests, combat
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desertification, halt and reverse land degradation and halt biodiver-
sity loss.

The SDG2 and SDG13 are the key goals to tackle the current
main tasks of sustainable development in agriculture. However, the
key SDG indicator for agriculture is SDG 2.4.1 ‘Percentage of agricul-
tural area under productive and sustainable agriculture’ and this indi-
cator was developed based on the long debate by experts for
selection of indicators system to address Agenda 2030 targets which
are 169. The main problem is, that SDG target 2.4. is one of the most
complex: ‘By 2030, ensure sustainable food production systems and
implement resilient agricultural practices that increase productivity
and production, that help maintain ecosystems, that strengthen capac-
ity for adaptation to climate change, extreme weather, drought,
flooding and other disasters and that progressively improve land and
soil quality’. Based on the pilot tests results, the SDG indicator 2.4.1
was developed comprising from 11 sub-indicators addressed in
(Gennari & Navaro, 2019). Those sub-indicators provide the minimal
requirements for sustainable food production system necessary to
address based on their scientific studies (Abson, Fraser, & Benton,
2013; Pretty, 1995).

The task of minimization of the usage of off-farm, external and
non-renewable inputs is addressed by fertilizers and pesticides man-
agement sub-indicators of composite indicator (Gennari & Navaro,
2019). The task of integration of natural processes (crop rotation,
nutrient cycling and pest/predator relationships) in manufacture pro-
cesses in agriculture is addressed by sub-indicator on using the
biodiversity-supportive practices. The requirement for maximum self-
reliance among farmers is addressed by positive sub-indicator of net
farm income. The reduction of vulnerability among farmers can be
measured by the existence of important risk mitigation instruments
which are addressed by associated sub-indicator. The following sub-
indicators as farm output value per hectare, conservation of soil,
water and biological resources provide for addressing target of long-
term sustainability of agricultural production. The target of equitable
access to the key productive resource of farmers is addressed by sub-
indicator on secure tenure rights over land. The minimum wage rate
and a decreasing size of food insecurity address progress toward
social justice in agriculture sector. However, such important sustain-
ability issues, such as climate change mitigation are not directly
addressed by the main SDG indicator for agriculture. In addition, it is
necessary to stress that world countries have selected different indi-
cators to monitor progress toward goal 2 targets based on their priori-
ties of agricultural and environmental policies as well as statistical
data availability. For example, EUROSTAT provides comprehensive
data on all SDGs for EU Member States to ensure monitoring progress
toward sustainable development. The main indicators for SDGs in EU
are provided in Table 1.

Attaining healthy diets and safeguarding agricultural systems pro-
ductivity and sustainability are the main tasks linked to SDG 2 in the
EU. In EU the central nutritional issue is obesity not hunger. This obe-
sity is supposed to impact negatively health and well-being and to

cause negative influence on health protection systems and economic
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TABLE 1  European Union indicators framework to monitor
SDG 2
S.No.  Indicator Name Data Provider
1 Obesity rate Eurostat
2 Agricultural factor income Directorate-General for
per work unit (AWU) Agriculture and Rural
Development
3 Government support to Eurostat
agricultural R&D
4 Area under organic farming Eurostat
5 Gross nutrient balance on Eurostat
agricultural land
6 A i issions from
agriculture Agency
7 Nitrate in Ej
Agency
8 Soil erosion by water Joint Research Centre of
European Commission
(EC)
9 ‘Common bird index European Bird Census
Council

Source: Adapted from (European Commission, 2019b).

and social development of the EU Member States (MS). In addition,
based on EU policy priorities sustainable agricultural systems are nec-
essary to ensure long-term food supply taking into account climate
change and a rising population challenges around the world. Though,
agricultural productivity has been increasing in EU, the negative envi-
ronmental influence of farming provides many risks for agricultural
production in (European Commission, 2019b). Therefore, taking into
account socio-economic situation of EU different indicators for moni-
toring SDG2 were developed for EU MS. However, one can notice
from indicators presented in (Gennari & Navaro, 2019) and Table 2
that in order to address the most important SDGs challenges addi-
tional sustainability indicators are necessary in global context and in
EU as well. Climate change indictors relevant to agriculture and
addressing SDGs 13 are missing in both indicators' frameworks. How-
ever, in order to develop agricultural sustainability indicators frame-
work covering climate change risks, the EU environmental and climate
policy priorities in agriculture should be discussed.

The next subsection allows to analyse EU agriculture policy goals
and to address these goals by specific agricultural sustainability
indicators.

32 |
Union

Agriculture policy priorities in the European

For more than 50 years, the Common Agricultural Policy (CAP) makes
the background of EU agricultural and rural policy. CAP was proposed
in 1960 by the EC with the aim to create a balanced system that
would maintain sufficient supply of agriculture products, ensure the
increase of productivity and a fair deal for consumers and producers.
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TABLE 2 Agricultural sustainability indicators including imate change policy targets

Linkages
Code Indicator Units of Measurement with CAP
Economic Indicators
EC1 Agricultural factor income Agricultural factor income per [AWU] +
EC2 Use of energy in agriculture Final energy use in agriculture [toe] +
EC3 Final energy intensity of agriculture Final energy use per value added of agriculture
[toe/EUR]
Environmental Indicators
EN1 Total GHG emissions from agriculture GHG emissions in agriculture [Mt CO,eq] +
EN2 Total GHG emissions linked to fuel c GHG linked to fuel in +
agriculture agriculture [Mt COeq]
EN3 Carbon intensity of final energy consumption in [kg CO.eq/toe]
agriculture
EN4 Share of renewable energy sources in final energy use (%]
in agriculture
ENS GHG emissions from agriculture not linked to energy [Mt COzeq] +
EN6 Carbon intensity of agriculture production Total GHG emission form agriculture per Value added +
of Agriculture [ton CO,eq/USD] 2010
EN7 Area under organic farming, % Area under organic farming [%] of UAA +
EN 8 & EN9 Gross nutrient balance of agricultural land Gross nutrient balance (surplus or deficit) on +
agricultural land by nutrient, kg nitrogen and
phosphorous in agricultural soils.
EN10 Soil erosion Soil erosion by water or area [%]
EN11 Ammonia emissions from agriculture Ammonia emissions from agriculture, kg per hectare
EN12 Livestock density The number of livestock units (LSU) per hectare of +
utilized.

Social Indicators
SO1 Government support to agricultural research and

development

Abbreviations: CAP - Common Agricultural Policy. GHG - greenhouse gases.

Government support to agricultural R&D and EUR per ~ +
capita

Source: Adapted from (International Atomic Energy Agency, 2005) and (Zheng et al., 2019).

The CAP priorities have changed throughout time and environmental,
safety, health and climate change issues have evolved (European
Commission, 2019a). As a result, the CAP shifted from a market-
oriented to production-oriented subsidized system by integrating food
safety, environmental and other standards (Balaceanu, 2013). The
new CAP reform initiated in 2019 is linked with better addressing cli-
mate issues (EURACTIV, 2019).

The foreseen reform of the CAP since 2020 first of all takes into
account the financial resources made available. However, the reform
is even more ambitious: revising direct support schemes, balancing
subsidies and aid for rural development, incorporating ecological
issues, or improving the competitiveness of European agriculture. In
this context, the positions of the various players involved in this pro-
cess must be assessed in order to get an improved balance of power
at European level.

Summarizing, the CAP is an EU policy providing the financial sup-
port to farmers. This is one of first policies of the European Market,
which combines national intervention programs into a single structure
to ensure that farmers can compete on a level playing field whereas

being protected from agricultural and income fluctuations to secure
food supply.
Article 39 of the Treaty on EU defines key CAP objectives:

To achieve growth of supply in agricultural products.

To increase productivity of agriculture sector by encouraging tech-
nical progress and the effectiveness of production factors utiliza-
tion, putting emphasis on labour.

To guarantee market stabilization by buying surplus production at
guaranteed prices and stock building.

To ensure reasonable prices for consumers.

To increase farmers' incomes.

During its existence the CAP offered funding to farmers by
supporting the prices of agricultural products. Following the major
reform of the CAP in 2005, two main axes of CAP payments are avail-
able: pillar 1 or the direct income support and pillar 2 or encourage-
ment for rural development. It is necessary to highlight that direct
income support provides large funds than rural development support.
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The payments in Pillar 1 or direct payments to farmers aims to
remove the motivation for overproduction. These payments based on
the land owned by the farmer and are allocated directly from EU
funds to national governments which administrate them. Farmers
must meet certain requirements and standards of environmental man-
agement, animal welfare and traceability in order to receive the pay-
ment, these settings are called as ‘cross compliance’. EU Member
States may also, under certain conditions, use some market support
measures.

Support provided by Pillar 2 necessitates co-financing by the gov-
ernments of the EU Member States. The objectives of this activity are
described as follows:

Promotion of agricultural competitiveness.

Ensure that natural resources are managed in sustainable way.
Mitigating climate change.
Attaining i rural
covering creation and maintenance of jobs.

ities' territorial devel it,

Factors, such as improving the welfare of Europe's rural country-
side, ensuring food safety, protecting the environment for future gen-
erations, especially climate change mitigation and safeguarding better
health and animal welfare conditions are very important in shaping
future CAP.

EU climate policy priorities for 2030 are the following (European
Commission, 2014): to reduce GHG emissions at least 40% from 1990
levels; to rise share of renewable energy sources in final energy con-
sumption, at least to 32% and to improve energy efficiency at least
32.5% from 2005 levels. All these three main issues should be
addressed in developing agricultural sustainability indicators frame-
work. The Green Deal package adopted in 2019 (European
C ission, 2019c¢) also isages the
The managerial issues (food chains) and resource use are mentioned
as the objectives.

of agriculture.

4 | SUSTAINABILITY ASSESSMENT
FRAMEWORK IN AGRICULTURE

Based on literature review it can be stated that the (Food and Agricul-
ture Organization of the United Nations, 2014, 2003, 2019) definition
of sustainable agriculture is the most comprehensive and most appro-
priate for categorizing the most important indicators of agricultural
sustainability: ‘Sustainable development in agriculture, forestry and
fishing, etc. conserves land, water, plant and animal genetic resources,
is environmentally non-degrading, technically appropriate, economi-
cally viable and socially acceptable’. The main SDGs linked to agricul-
ture are SDG2 and SDG 13. Therefore, the agricultural sustainability
indicators framework developed for EU should address these main
SDGs and to provide linkages between them.

In turn, to select suitable indicators of agricultural sustainability
and to achieve harmonization of climate change and agriculture poli-
cies indicators framework for linking sustainable agriculture indicators
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with climate change issues indicator framework has been developed
and presented in Table 2 and Figure 1. The policy actions are selected
to address targeted indicators. These policy actions range from cli-
mate to agriculture and sustainable development policies.

As one can notice from Table 2 agricultural sustainability indica-
tors linked to climate change were included in the framework-based
GHG emission reduction commitments for agriculture sector: They
are GHG emission reduction; increase of the share of renewable
energy sources in energy use in agriculture; reduction of energy inten-
sity of agriculture.

EC1 indicator can be treated as a partial labour productivity mea-
sure of the agricultural sector (European Commission, 2019b). EC2
indicators represents final energy consumption in agriculture and is an
indication of mechanization and industrialization of agriculture sector
in the country and EC3 indicators represents energy intensity of agri-
culture. It is evaluated by dividing final energy consumption in agricul-
ture by value added created in agriculture.

EN1 indicators represents total GHG emissions from agriculture.
The CO, equivalent emissions of all GHG emission from agriculture is
a key indicator of climate change in agriculture. It includes GHG emis-
sions from agriculture and GHG form energy consumption in agricul-
ture. EN2 indicator represents total GHG emissions from fuel
combustion in agriculture. EN3 indicator shows carbon intensity of
final energy consumption in agriculture and is expressed by COseq/
toe. The high values of carbonization index are linked to high share of
fossil fuels and low share of renewables in fuel mix. EN4 indicator rep-
resents GHG emissions from agriculture not linked to energy con-
sumption. It is important indicator showing of agriculture input to
total GHG emissions in the country. EN5 characterizes the share of
renewable energy sources in total final energy use in agriculture. EN6
represents carbon intensity of agriculture expressed by COy.q/agricul-
ture production. The carbon intensity of agriculture represents the
ratio between total GHG emissions from agriculture and is indicator
of energy efficiency of agriculture production as well as carbon con-
tent of energy use in agriculture. EN7 measures the share of total uti-
lized agricultural area (UAA) employed by organic farming implied by
European Council Regulation No 834/2007. EN 8 and EN 9 indicators
present the nutrient balance of soil shows the potential surplus or def-
icit of nitrogen and phosphorous in soil used for agriculture purposes
(European Commission, 2019b). EN 10 indicator estimates the losses
of soil due to water erosion in percent. EN 11 assesses the ammonia
(NH3) emissions due to agricultural production processes. EN 12 indi-
cates the livestock density index or the number of livestock units
(LSU) per hectare of utilized land. SO1 (social indicator) shows the
extent of public funding for R&D in agriculture.

Figure 1 ill the k for the linkages among
sustainable agriculture indicators linked to climate change mitigation and
environmental policies and the CAP. The corresponding policy measures
are posited in this context alongside the relevant indicators. The nota-
tions of indicators used in Figure 1 refer to those applied in Table 2. Agri-
cultural sustainability indicators are also grouped according to the main
policy areas related to energy efficiency and climate change (including
better soil management, biomass production, reduction in agricultural
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FIGURE 1 Linkages between agricultural sustainability indicators and related policies targeting these indicators. Source: Adapted from (Zheng

et al., 2019) [Colour figure can be viewed at wileyonlinelibrary.com]

production losses and waste, reduction in afforestation). The geometrical
figures in Figure 1 (triangle, ellipse and rectangle) indicate the type of the
variables used in the framework.

All agricultural
work are linked to each other via the chain of reinforcing impacts. This
allows linking policy priorities in climate change with agri-

d in this frame-

5 | CONCLUSIONS

The main struggle in agricultural is dynamic
issue of agricultural sustainability and interlinked policy issues between
i devels rural devel climate change and envi-

| policies. The measuring of agricultural sustainability at the

cultural policies and SDGs. The final indicator in agricultural sustain-
ability framework is total GHG emissions form agriculture as in the
end all policy actions (aiming at energy efficiency improvements, pro-
motion of renewable energy sources and other climate) influence
reduction of GHGs from agriculture sector. All these agricultural sus-
tainability indicators can be collected from EUROSTAT database for
all EU MS. Available indicators cover at least 2008-2016 period.
These indicators can be used to develop agricultural sustainability
index to compare progress achieved by all EU MS in agricultural sus-
tainability progression and approaching SDGs for agriculture by also
taking into account targets of relevant policies in climate change miti-
gation and rural development.

farm level can deliver the most precise results, however, policies at
national level have direct effect on lower level and strongly influence
farming practices. Therefore, the most relevant interlinked indicators
for developing harmonized agricultural, environmental and climate poli-
cies is necessary based on the priorities of countries in these areas.

There are many agricultural inability indi ke
and approaches developed so far, however, as agricultural sustainabil-
ity issues are country specific, the agricultural sustainability indicators
were developed for EU based on agricultural, environmental and cli-
mate policy priorities and SDGs lined to agriculture.

The main SDGs linked to agriculture are SDG2 and SDG 13, so
developed agricultural sustainability indicators framework for EU
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addresses these main SDGs and provides linkages between them and
other policy areas. The selected relevant indicators are combined in
the framework which allows us to achieve harmonization of climate
change and agriculture policies by selecting relevant policy actions for
targeted indicators.

The current study has limitations as developed agricultural sus-
tainability assessment framework was not empirically applied and case
study was not developed.

However, all selected indicators in developed agricultural sustain-
ability indicators framework can be easily collected from EUROSTAT
database for all EU MS. The various multi-criteria decision aiding tech-
niques can be applied to create composite index from these indicators
for monitoring and comparative assessment of progress achieved by
EU MS toward agricultural sustainability.

The future research guidelines are mainly linked to empirical appli-
cation of developed agricultural sustainabilit it k.
The ite agricultural st
assessment of the EU Member States in meeting the main sustainable
development challenges for agriculture need to be applied.

The developed framework allows us to support sustainable
resource use practices in agriculture on all levels by developing more
broad harmonized national policies and measures targeting sustain-
able use of agricultural land, protect rural communities and ensure cli-
matic stability.

indicators and multi-criteria
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ABSTRACT

Measuring efficiency in the presence of undesirable outputs could
be difficult depending on how to treat these outputs; thus,
undesirable outputs modelling has been an exciting subject of
several studies in the Data envelopment analysis (DEA) literature
in the last two decades. The present study aims to illustrate a
thorough overlook of studies in which DEA has applied for meas-
uring efficiency with undesirable outputs. Fifty-eight articles were
published from 2000 to 2020 have been systematically reviewed
through PRISMA protocol. The results indicated that "Journal of
Cleaner Production" ranked first with six published articles, and
Chinese scholars have the most contributions to this field, with
twenty-third articles. Also, almost a quarter of the published
articles’ scope was related to agricultural pollution, and thirteen
articles were published in 2016, the highest number of published
articles annually. Taken together, the theoretical and empirical
implications of research in the field of Green Productivity are dis-
cussed, and some policies were recommended.

1. Introduction
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Systematic literature review on green agricultural productivity;

Fifty-eight studies dating from 2000 to 2020 were scrutinised;

How to treat undesirable outputs affects productivity measurement;

Data Envelopment Analysis found as the primary approach applied;

Four DEA models named CCR, BCC, SBM, and RAM are widely used in the agri-sector.
Policy recommendations for promoting green agriculture developed.

The agriculture sector plays a crucial role in debates on green, circular, and bioecon-

omy mainstreamed global sustainability concepts (Tsangas et al., 2020). It is
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characterised by several feedstocks appropriate to be improved in terms of material
and energy; thus, new opportunities are provided by the circular economy for invest-
ors (D’Adamo et al., 2019). The circular economy has two primary goals: improving
waste management (or reutilizing), reducing energy consumption (or boosting green
energy) (Kapsalis et al., 2019). It is believed that by transforming the agri-sector into
circular, apart from the technological sector, circular economy goals could be more
achievable; since the agri-sector is one of the most sectors in which a high percentage
of biomass has been produced (Jimenez-Lopez et al., 2020). On top of that, renewable
biological resources (biomass) and circularity are the critical aspects of the bioecon-
omy (D’Adamo et al., 2020a); thus, materials recycling, fossil fuel use reduction, and
waste management lead the bioeconomy to obtain biofuel, bioenergy, etc., which are
vital for achieving sustainable development goals (SDGs) (Duque-Acevedo et al,
2020, Morone & D’Amato, 2019). SDGs could provide a framework of measurable
goals and targets and goals, linked directly or indirectly with circular economy princi-
ples, to harmonise sustainable development and world economies (Loizia et al., 2021,
D’Adamo et al., 2020b).

Economic development and industrialisation rely on high resource input, while the
capacities of the environment and resources are neglected, which caused undesirable
outputs and ecological crises (Wang et al, 2019). Undesirable outputs comprise
wastewater, CO, emission, air pollution, etc., which are dangerous for the environ-
ment (Tohidi et al., 2014). Undesirable outputs are produced unwillingly in the agri-
cultural sector; thus, policy-makers need to utilise scientific approaches to cope with
the undesirable outputs’ of production and reduce them (Halkos & Petrou, 2019b,
Tohidi et al., 2014). Both undesirable and desirable outputs produce jointly; however,
undesirable outputs affect efficiency scores’ evaluation of decision-making units
(DMUs). Over the last decade, for instance, energy consumption and CO, emissions
have risen considerably in China, emitting almost 8200 million tons of CO, in 2012,
produced by industries and agricultural sectors (Sun et al, 2016). Also, waste, an
environmental issue having strong relationships whit economic and social dimen-
sions, has increased dramatically over the years (Doula et al., 2019, Doula et al,, 2021,
Papadopoulos et al., 2021). Zorpas (2020) mentioned various reasons for producing
waste in which undesirable outputs, such as CO, emissions, were ranked as the most
influential reason; also, D’Adamo et al. (2021) mentioned that biomethane could be
used as fuel which is an excellent potential for EU leading them towards a green
economy; therefore, assessing the environmental productivity in the presence of the
undesirable outputs is vital (Dakpo et al., 2014).

There are three popular methods for measuring productivity within a broad con-
text, including index measurement, linear programming, and econometric models
(Singh et al., 2000). Index measurement comprises the employing of five ratios for
measuring productivity: "single-factor productivity,” "multiple factor productivity,”
"total productivity,” "managerial control ratio," and "productivity costing." The most
prevalent ratio is the total productivity, in which the productivity is measured as a
ratio of various inputs. Linear programming, in which Data envelopment analysis
(DEA) is the most prevalent, creates a production frontier and assesses the inputs’
contribution to the productivity considering the past performance data (Balezentis
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et al,, 2016). DEA models and econometric models are applicable when large data ser-
ies are available. In econometric models, statistical models are applied to the data ser-
ies to estimate productivity. The leaner programming and econometrics models are
usually integrated to deal with productivity measurement issues (Singh et al., 2000).
The DEA models’ main advantages over the other methods are: DEA models could
maximise multiple outputs simultaneously, while total productivity index could only
maximise one output. DEA is a non-parametric mathematical model; thus, a specific
functional form is not required making DEA more flexible and applicable compared
to others (Liu et al., 2017). DEA could trace less-productive inputs by employing sep-
arate and specific optimisation routines for each input, making DEA more robust
than the others.

DEA is a mathematical method proposed by Charnes et al. (1978), and it utilises
linear programming methods to turn inputs into outputs to evaluate the performance.
Also, any DMUs can freely select any mixture of inputs and outputs to increase their
relative efficiency (Kang et al., 2018). By dividing the total weighed output by the
total weighted input, the efficiency score or relative efficiency is calculated. The rela-
tive efficiency is a non-negative value and calculated concerning linear interactions
between the inputs and outputs of the DMUs (Mardani et al., 2018, Zare et al., 2019).
Simply put, the relative efficiency shows the level of efficiency of a DMU in a deter-
mined level of output concerning the quantity of input, which consumes compared
to similar DMUs (Zhou et al, 2019). Shen et al. (2017) mentioned that many
researchers used DEA to assess agricultural performance, environmental efficiency,
and productivity with undesirable outputs. For instance, Fei and Lin (2017b) utilised
Meta-Frontier DEA to tackle the agricultural problems related to carbon dioxide
emissions. Li et al. (2013) used constant returns-to-scale (CRS) and variable returns-
to-scale (VRS)-DEA to allocate resources to reduce CO, emission effectively. Yaqubi
et al. (2016) used Directional Distance Functions (DDF)-DEA to assess environmental
practices’ efficiency and shadow values.

There are three basic DEA models, including radial, additive, and slack-based meas-
ure (SBM) models. The radial model was proposed by Charnes et al. (1978) is consid-
ered the original DEA model, also called the CCR (Charnes, Cooper, and Rhodes)
model (Yang & Wei, 2019). In this model, The DMU’s efficiency score is measured
based on the proportional or radial distance to the efficiency frontier. The radial mod-
els are divided into two models: CCR and BCC (Banker, Chames, and Cooper) models.
In the BCC model, the production technology shows variable returns to scale (Paradi
et al,, 2018). Furthermore, the additive model is used if there are multiple inputs and
multiple outputs; therefore, the additive model determines all potential of inefficiency
through the summation of the total inputs and desirable outputs slacks. The value of
variable data could be zeros or negative in the additive model, unlike the radial DEA
model (Cooper et al., 2006). Moreover, the SBM model is considered an extension of
the additive model developed by Tone (2001). In this model, like the additive model, a
mix of multiple inputs and outputs could be considered; however, it could be a unit
invariant and generate a standard efficiency score, unlike the additive model.

Measuring productivity is considered a crucial research avenue in economics since
it explains how inputs transform into outputs through factors of changes (Balezentis
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et al,, 2021); however, measuring productivity in the presence of undesirable outputs
could be difficult depending on how to treat these outputs. The various treatment
methods with undesirable outputs in DEA have recently received more attention
(Boussemart et al., 2020). Halkos and Petrou (2019b) did attend to present four pos-
sible way to cope with undesirable outputs in DEA, including (1) disregarding nega-
tive outputs from the production process, (2) regarding negative outputs as inputs,
(3) regarding negative outputs as positive outputs, and (4) applying required modifi-
cations to take negative outputs into account. They also mentioned a new model
named Zero-Sum Gains-DEA (ZSG-DEA) models utilised by Gomes and Lins (2008)
to deal with undesirable outputs. Therefore, it is necessary to a clear and comprehen-
sive review of the various treatment methods with undesirable outputs in DEA mod-
els be provided due to the effect of the treatment method on productivity; also,
capabilities of various DEA models could be highlighted through a comprehensive
review motivating scholars to apply them for measuring productivity with undesirable
outputs and compare them with the previous research. On top of that, current
research gaps in measuring productivity and methodological concerns are highlighted
through a systematic literature review providing a clear pathway for future research.

According to the present research results, agricultural pollution is the most attractive
topic for scholars, including Falavigna et al. (2013), Kuhn et al. (2018), Yaqubi et al.
(2016), Berre et al. (2013), Skevas et al. (2014), Reinhard et al. (2000), Wu et al. (2013),
Vlontzos and Pardalos (2017), Buckley and Carney (2013), Coelli et al. (2007), Zare-
Haghighi et al. (2014), Dong et al. (2018), Sun et al. (2016), working on productivity
measurement with undesirable outputs. In agriculture, water, soil, and Greenhouse Gas
(GHG) are three significant pollution sources (Chen et al, 2017). Furthermore, eco-
nomic activities, such as heat and electricity production, agriculture, and industry, lead
nations to achieve socio-economic development (Yu et al., 2020); however, these activ-
ities usually produce harmful and toxic material emissions, such as Nitrogen Oxides
(NOx), CO, emissions, wastewater, Sulfur Dioxide (SO,), and heavy metals (Wang
et al, 2020, Halkos & Petrou, 2019a). Sepehri et al. (2020) also mentioned that
Sustainable development goals, economic growth, and human health are affected by
agricultural pollution; while, agriculture sectors contribute to the eutrophication phe-
nomenon, greenhouse effect, waterbodies pollution, climate change, stratospheric ozone
depletion, global phosphorous, and air pollution (Adegbeye et al., 2020).

State of the art in applying DEA models for measuring agricultural productivity
with undesirable outputs through systematic literature review and recommending
applicable policies, based on obtained results, to boost green, circular, and bioecon-
omy could be considered the present study’s novelties. Simply put, providing a broad
overview of DEA models’ application in agriculture productivity with undesirable out-
puts is the ultimate aim of the present study; therefore, the ultimate aim can be div-
ided into four research issues: (1) which area of agricultural productivity with
undesirable outputs has utilised DEA more? (2) which nationality has conducted fur-
ther research in this area? (3) in which year did scholars publish the most articles?
(4) which journals have further published articles in this field? The present study will
focus on the significance of DEA in agricultural productivity with undesirable out-
puts. The main contributions of this article are as follows: (1) improving the
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understanding of the current scientific knowledge on green productivity and undesir-
able outputs (2) highlighting why and how DEA models are widely used to measure
productivity with undesirable outputs in the agri-sector (3) providing an overview of
research limitations and gaps that hinder measuring productivity with undesirable
outputs (4) investigating the current status of DEA application for measuring prod-
uctivity with undesirable outputs concerning the years of publication, authors’ nation-
ality, articles’ scope, and publication frequency (5) recommending policies and
research avenues to provide a pathway for future empirical and theoretical research.

The article’s structure is arranged as follows: Section 2 expresses four DEA models
being popular in agricultural productivity with undesirable outputs. Section 3 presents
the methodology of the present research and how the articles were classified is pre-
sented. Section 4 presents the results, including distribution of articles by publication
time, author’s nationality, and journals. The results were discussed in Section 5. Section
6 presents conclusions, limitations, policies, and future research recommendations.

2. DEA models for dealing with undesirable outputs

In 1978, Charnes et al. presented the first DEA model, namely CCR, to calculate the
technical efficiency of DMUs in the form of a non-parametric model, while there are
many inputs and outputs (Charnes et al.,, 1978). Researchers used CCR-DEA, BCC-
DEA, SBM-DEA, and Range-Adjusted Measure (RAM)-DEA to calculate agricultural
productivity with undesirable outputs. The four mentioned models, which are the
most popular agriculture performance model with undesirable outputs, are presented.

2.1. CCR-DEA model

The overall efficiency for a DMU is calculated through the CCR-DEA model if both
scale efficiency and pure technical efficiency are combined into a single value. On top
of that, the CCR-DEA model never measures absolute efficiency as it is always meas-
ured relatively. Also, CCR-DEA is suitable for a situation in which all DMUs are
operating at an optimal scale. Assume a manufacturing system with n DMUs, which
has three elements, including inputs (X), desirable outputs (G), and undesirable out-
puts (B). The three matrices X, G, B, and the production possibility set (P) are
defined through equation one and A is the intensity vector (Li et al., 2013).

P = {(X,G,B)[x > X),G < GA,B > BL, A > 0},

X=X ..., Xp) €R™,

G=(Gp, ..., Gy) €R¥™,

B= (B, ..., By) € R%*®

S.t. (1)
x> XA
G < Gh
B > Bi

X>0, G>0, B>0

The output-oriented DEA model coping with undesirable outputs for assessing
DMU (x9,g0,bo) is presented below, and o* is the inefficiency score of DMUs
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calculated by equation two (Li et al.,, 2013). It should be noted that efficiency score
1

can be calculated by 0 = .
o = maxo,
S.t.
x0 > XA
(1+ Go)go < GA @
(I —09)bo > BA
A>0

2.2. Bcc-DEA model

Variable return to scale frontiers is assumed in the BCC model, while the CCR model
assumes a constant return to scale frontiers. Also, overall technical efficiency is meas-
ured by the CCR model, while the BCC model measures the pure technical efficiency.
Also, as mentioned, the CCR model is not appropriate if DMUs are not operating at
an optimal scale; in contrast, the BCC model was developed to deal with situations in
which technical efficiencies variables are measured while confounded to scale efficien-
cies. Assume a manufacturing system with n DMUs is considered, while it has three
elements, including inputs (X), desirable outputs (G), and undesirable outputs (B).
The three matrices X, G, B, and the production possibility set (P) are defined through
equation three and A is the intensity vector (Li et al,, 2013).

P ={(X,G,B)[x > X2,G < GA,B > BL, A > 0},

X =(Xp, ..., Xy) € R,

G=(Gy ..., G,) € RS2,

B= (B, ..., B,) € R

S.t. (3)
x> XA
G < GA
B > BA

X>0, G>0, B>0

The output-oriented DEA model coping with negatives outputs for assessing DMU
(x0> 0> bo) is presented below, and c* is the inefficiency score of DMUs calculated by
equation four (Li et al., 2013). It should be noted that efficiency score can be calcu-
lated by 6 = .

o = maxo,

S.t.
xo > XA

(1+00)go < G
(1 =00)by > Bi 4)

Jj=1

rA>0



76

AUTHOR’S PUBLICATIONS COLLECTION

ECONOMIC RESEARCH-EKONOMSKA ISTRAZIVANJA @ 7

2.3. Slack-Based DEA model

Inputs (outputs) may not behave proportionally in reality, while radial DEA models,
such as CCR and BCC, deal with proportional changes in inputs(outputs). Also, radial
models neglect slacks in measuring efficiency, while non-radial slacks affect managerial
efficiency. In contrast, the slack-based DEA model works directly with slacks and puts
aside the proportional changes assumption; however, two primary conditions, including
unit invariant and monotone, should be met. Let X = (x, ..., x1) € Rl be an inputs’
vector, G = (g1, ..., §) € R be a desirable outputs vector, and B = (bl, ..o b€
RL be an undesirable outputs’ vector. Also, AX is an intensity vector, and k=
(kl, ..., K) is the index of DMUs. Therefore, the SBM-DEA model accounting for
any outputs is presented through equation five (Li et al., 2016).

1 st
1__Zf:1x_xt
1+m<z, o Z, 1X>

P = mlnsx"c’sfx

S.t.
K
D MXE4 S =X i=12,...,];
k=
X (5)
k t_ ot .
D MG =S =GLj=1,2 ...,
K
> MBf+S =B, l=12,...,L
k=1
M>0, k=12 ..., K
5598 >0
2%
where 0 < p, <1 with p, = 1 shows total efficiency, while t=1, 2, ..., K. it is pre-
sented that the t-th observation presented by input- output (xh, gl bt) is showed in the
production frontier at the point (xf — s, gf +sg bt —st"), where s¥, 5:?’ , and sV

are the optimal value of s, s‘.g and s?, respectlvely (Li et al., 2016).

2.4. RAM-DEA model

In the non-radial RAM-DEA, desirable and undesirable outputs could easily be incor-
porated into a unified model compared to the radial DEA models. Also, RAM-DEA
is a linear non-radial model making it more applicable than the non-linear conven-
tional DEA models. RAM-DEA model is specially proposed and applied by Sueyoshi
and Goto (2012) and Sueyoshi and Goto (2011) to measure productivity in the pres-
ence of undesirable outputs Let Gj = (g - --» g,,])T be a vector of desirable outputs,
and B;j = (by, ..., by) be a vector of undesirable outputs, while for j=1, ..., n,
G>0, and B >0 therefore, in the following, the non-radial RAM-DEA proposed by
Sueyoshi and Goto (2011) is presented through equation six.
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s h
Max Z =) REdf + > RPdy
r=1 f=1

SE‘
g -dE=g V=15
=1

(6)

>0, 05 >0, d

=

¢ >0, & >0

where A% and A’ are, respectively, intensity variables for desirable and undesirable
outputs. Also, d«E’ is a surplus variable for r-th desirable output, d° is a slack variable
for f-th undesirable output, and Ré and RfZ indicate the DEA model ranges for desir-
able and undesirable outputs, respectively, presented through equation seven, while s
and h show the number of desirable and undesirable outputs.

1
" (m+s+h) [max;(g) — minj(g,)]
RV = !
" (m+s+h) [maxj (bg) — min (gbfj)]

Rg

T

@)

where m represents the number of inputs utilised for yielding desirable and undesir-
able outputs; therefore, the unified efficiency score of the k-th DMU is calculated
through equation eight, while &, and d** are the optimal value of df, and d’,
respectively.

s h
0=1-) R+ RQ” 8)

r=1 f=1

3. Research methodology

The present article used the Preferred Reporting Items for Systematic Reviews and
Meta-Analyses (PRISMA) protocol to conduct a systematic literature review (SLR).
SLR maps and evaluates the current knowledge and gaps in research fields, develop-
ing the knowledge base further. SLR follows scientific, replicable, and transparent
stages differing from conventional narrative reviews (Murschetz et al., 2020). All pub-
lications related to the specific issue could be collected concerning the pre-defined
criteria to answer research questions. SLR avoids bias occurring throughout searching,
identification, appraisal, synthesis, analysis, and summary of studies using the
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systematic and explicit procedure (Mengist et al., 2020). Therefore, SLR could provide
reliable findings and conclusions due to its capabilities to deal with bias, helping
scholars and decision-makers to act accordingly (Saraji & Sharifabadi, 2017).
Moreover, apart from PRISMA, there are several methodologies to conduct SLR, such
as Search, Appraisal, Synthesis, and Analysis (SALSA). However, PRISMA has some
advantages over other methods, such as (1) it has a detailed, precise, and well-
described checklist helping scholars in improving systematic review reporting and
meta-analyses (2) it is an updated protocol due to its various versions were released
time to time, which the newest one was released in 2020; therefore, the present study
employed PRISMA protocol to conduct a systematic literature review.

Scrutinizing the current literature is the first step of SLR. In this stage, some sub-
stantial scientific databases named Google Scholar, Web of Science (WOS), and
Scopus are nominated to find the published articles related to the topic. The search is
conducted for grey literature; we search for critical journals and scan the references’
lists. The second step, named the eligibility criteria stage, focuses on the study’s dif-
ferent characteristics, including the population of interest, study design, time dur-
ation, publication year, publication status, and language. Next, the PRISMA focuses
on the information sources. This stage explains all related information of resources,
such as electronic databases, authors’ information, trial registers, and coverage date.

3.1. Searching method

According to the first step of PRISMA, some viable databases, e.g., WOS, Google
Scholar, and Scopus, have been selected to comprehensively review the implementa-
tion of DEA in agricultural productivity with undesirable outputs. To find the related
publications, we search in the selected databases with various keywords such as "DEA
and energy efficiency in agricultural with undesirable outputs,” "DEA and perform-
ance assessment in agricultural with undesirable outputs,” "DEA and agricultural pol-
lution with undesirable outputs,” "DEA and sustainable agriculture with undesirable
outputs,” "DEA and agricultural economics with undesirable outputs,” "DEA and
agricultural industry,” "DEA and crop production in agricultural with undesirable
outputs,” "DEA and resource efficiency,” "DEA and agricultural production with
undesirable outputs,” etc. also, we attempt to involve the recently published articles,
and therefore, our selection years are between 2000 and 2020. In the first attempt,
based on the above keywords, in total, we identify 276 publication records. In the
next stage, we screen the publications based on abstracts and titles to eliminate differ-
ent items. After eliminating different items in this step, in total, 58 articles remained
for the following stages. The PRISMA diagram is shown in Figure 1.

3.2. Publications’ eligibility

In this step, the full text of the remaining articles has been reviewed one after
another. We choose the articles that used an extension of DEA to compute agricul-
tural productivity and efficiency with undesirable outputs. At this stage, we omit
some documents such as essays, Ph.D. and master theses, book chapters, books, other
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Search in databases for DEA applications in agricultural
performance evaluation
(n=276)
o l
- Identify appropriate papers
2 (n=183)
5
£ !
= Discard articles owing to duplicates
(n=24)
—
— !
) Screen items based of abstract review
§ (n=159)
S
122}
Exclude papers based
| —
> upon abstract
—_— Jv (n=41)
. Assess full-text articles for eligibility
= (n=118)
=]
= [
m Exclude full texts, with
v reasons
—
Investigates included in Qualitative analysis (n=78)
(n=40)
- »  Identify article in papers
< k. references
Zé Include articles for meta-analysis (n=18)

(n=58)

Figure 1. PRISMA flowchart for holistic systematic review.
Source: created by authors.

published resources in other languages except English, and editor’s notes. Finally,
after the mentioned stages, we choose 58 articles related to the DEA applications in
agricultural productivity with undesirable outputs from 36 international scholarly
journals between 2000 and 2020.

3.3. Data extraction and summarizing

In this step, firstly, required information has been extracted from the remaining
articles. Finally, the remaining articles were classified into different groups (see Table
1) according to the article’s primary purpose. Furthermore, all fifty-eight publications
are reviewed and summarised based on various views; and are grouped into five
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Table 1. Classification articles by their scope.

Categories Based on Scope Number of Articles Percentage (%)
Agricultural Pollution 13 2241%
Sustainable Agriculture 12 20.69%
Agricultural Economics 12 20.69%
Environmental Performance 12 20.69%
Resource Efficiency 9 15.52%
Total 58 100%

Source: created by authors.

classifications), including agricultural pollution, sustainable agriculture, agricultural
economics, environmental performance, and resource efficiency.

4. Results
4.1. Classification articles based on agricultural pollution

A wide variety of agricultural pollution, including air pollution, water pollution,
wastewater, CO, emissions, etc. considered as significant challenges in countries
(Chen et al,, 2017). Agricultural activities increase pollutants affecting air quality,
environmental performance, water quality, and other areas (Abbasi et al, 2014).
Several studies have been conducted to measure productivity in which DEA was used
to calculate efficiency of agricultural DMU, while agricultural pollutions were consid-
ered undesirable outputs. For instance, Falavigna et al. (2013) used Directional
Output Distance Function (DODF)-DEA and Malmquist index to estimate the pro-
duction possibility for each DMU, while they considered emission quantities of
NHO; as undesirable outputs, and Kuhn et al. (2018) used SBM-DEA to carry out
the difference between waste management in commercials and backyard hog farms,
while CO, emission as an undesirable output. Table 2 indicates details extracting
from the articles were related to agricultural pollution.

4.2. Classification articles based on sustainable agriculture

Sustainability has become attractive among practitioners, scholars, and strategists due
to the growing environmental and social concerns (Boussemart et al, 2020).
Sustainable agriculture relies on meeting human food, fibre, and biofuel expectations,
and it improves the quality of the environment and resource base; the agronomists’
living standards, farmworkers, and society to ensure the economic viability of the
agricultural sector (Golas et al., 2020). Also, sustainable agriculture looks for increas-
ing profitable farm income and promoting environmental stewardship. Therefore,
evaluating sustainable agriculture potentials has become attractive for scholars as vari-
ous methods have been developed for this purpose (Ren et al, 2021). For example,
Shen et al. (2018) integrated the by-production model and DEA to calculate the
shadow price of CO, emission in china’s agricultural sectors, since due to the high
population of china, having sustainable agriculture is vital, and Vlontzos et al. (2017)
developed a synthetic Eco-(in) efficiency index using DDF-DEA model to evaluate
the sustainability of the EU agricultural sector over 13 years from 1999 to 2012 on a
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country level. Table 3 indicates all details extracting from the articles were related to
Sustainable agriculture.

4.3. Classification articles based on agricultural economics

Agricultural economics looks for applying economic theories to optimise the produc-
tion and distribution of agricultural production. Also, Agricultural economics is a
branch of economics dealing with land usage, and it emphasises maximising agricul-
tural production and maintaining a good soil ecosystem (Martin, 2019). For instance,
the low-carbon economy, a part of agricultural economics, aims to reduce greenhouse
gas emissions and save energy consumption to have sustainable agriculture
(Streimikiene, 2021). Agricultural economics includes many areas and approaches,
including DEA models; therefore, many studies have been carried out to compute
energy efficiency and CO, emission efficiency concerning low carbon economics poli-
cies. For instance, Fei and Lin (2017b) used meta-frontier DEA to find an acceptable
policy for agricultural energy saving and to carry out the sources of CO, emissions
reduction, and Rebolledo-Leiva et al. (2017) integrated Life-cycle assessment (LCA)
and VRS-DEA to maximise production and to decrease Carbon Footprint (CF) con-
cerning the economics and ecological perspectives. Table 4 indicates details extracting
from the articles were related to agricultural economics.

4.4. Classification articles based on environmental performance

Singh et al. (2020) mentioned that environmental performance is the organization’s
behaviour concerning the natural environment regarding how it goes about consum-
ing resources to scan pollution emissions strictly. It is considered an introduction of
biodegradable ingredients in products, reducing waste and pollution, reducing materi-
als being harmful to the environment, enhancing energy efficiency, etc. (Singh et al.,
2019). Due to the importance of environmental performance, several studies used dif-
ferent models, such as DEA, to measure environmental performance. For example,
Gutiérrez et al. (2017) used a hybrid multi-stages DEA and regression analysis to cal-
culate rain-fed cereals’ efficiency based on actual management circumstances and
environmental variables. Le et al. (2019) used the SBM-DEA model to determine the
differences in productivity and agriculture efficiency among Asian countries. Table 5
indicates all details extracting from the articles were related to environmental
performance.

4.5. Classification articles based on resource efficiency

It is challenging to develop indicators reflecting resource use and its impacts on the
environment, economy, and security due to several natural resources characterised by
different attributes. However, resource use is distinguished into four categories: usage
of material, water, land, energy, and climate change. Modern agriculture faces signifi-
cant challenges, including extreme water supply and fertiliser impacts (Zamparas
et al, 2019a), deforestation (Tsiantikoudis et al, 2019), GHG emissions
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(Kyriakopoulos & Chalikias, 2013, Kyriakopoulos et al., 2010), soil erosion, eutrophi-
cation (Zamparas et al., 2019b), and water pollution ((Zamparas et al., 2020). Also,
resource use efficiency means allocating and using various scarce resources to reach
benefits. Due to the importance of agricultural economics, resource, consumption,
and allocation efficiency are the main research stream in this branch of the econ-
omy; therefore, Resource consumption and allocative efficiency can be examined
through the different approaches, including the DEA model. For instance, Yang
and Li (2017) utilised SBM-DEA to evaluate the Total Factor Efficiency of Water
resource (TFEW) and the Total Factor Efficiency of Energy (TFEE), and Deng
et al. (2016) employed SBM-DEA to calculate the usage efficiency of water in
china areas. Table 6 indicates all details extracting from the articles were related
to resource efficiency.

4.6. Distribution of articles by journal

Table 7 provides information about the frequency of articles by journals’ names. The
articles linked to the agricultural performance assessment with undesirable outputs
and the DEA models have been chosen through 36 a vast verity of journals from the
WOS database, Scopus, Google Scholar. On the surface, "Journal of Cleaner
Production" was ranked first with six articles, followed by "Sustainability,” "Renewable
and Sustainable Energy Reviews,” "European Journal of Operational Research,”
"Agricultural Economics," and "Ecological Indicators” with three articles. The results
indicated "Journal of Cleaner Production” made the most contribution in implement-
ing DEA models in agricultural performance assessment with undesirable outputs.

4.7. Distribution of articles by authors’ nationality

Table 8 indicates that authors from seventeen countries utilised DEA models in agri-
cultural performance assessment with undesirable outputs, while the Chinese had the
most contributions with39.66%. The figure for Australia accounting for the second
country is 8.62%. Interestingly, the figure for Iran and Lithuania are the same, with
6.90%. On top of that, the results indicated that Chinese scholars utilised By-produc-
tion technology and directional distance function (Shen et al, 2017, Fei & Lin,
2017a), the SBM DEA (Kuhn et al, 2018, Deng et al,, 2016, Tao et al,, 2016, Bian
et al,, 2014, Dong et al., 2018, Long et al., 2018, Song et al., 2014, Pang et al., 2016,
Yang & Li, 2017), the Zero-Sum-Gains DEA (Sheng et al., 2016), meta-frontier DEA
(Fei & Lin, 2017b, Fei & Lin, 2016), Malmquist index DEA (Wang et al., 2015, Zhang
et al, 2011, Lin & Fei, 2015), DEA-Game (Wu et al., 2013), BCC-DEA (Li et al,
2013), DEA-Tobit (You & Zhang, 2016), centralised DEA (Sun et al, 2016).
Australian scholars utilised the directional distance function (Hoang & Coelli, 2011,
Azad & Ancev, 2014), CCR-DEA (Coelli et al, 2007, Hoang & Alauddin, 2012),
BCC-DEA (Pagotto & Halog, 2016). Iranian scholars utilised the directional distance
function (Yaqubi et al., 2016), non-radial DEA (Babazadeh et al,, 2015, Zare-Haghighi
et al.,, 2014), BCC-DEA (Khoshroo et al., 2018).
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Table 8. Distribution of articles based upon the nationality of authors.

Country NO. %
China 23 39.66
Australia 5 862
Iran 4 6.90
Lithuania 4 6.90
Spain 3 517
Greece 3 517
Italy 2 345
The Netherlands 2 345
France 2 345
Ireland 2 345
Taiwan 2 345
Albania 1 172
Belgium 1 172
Switzerland 1 172
USA 1 172
UK 1 172
Chile 1 172
Total 58 100

Source: created by authors.

4.8. Distribution of articles by publication time

Figure 2 illustrates the frequency of the publication time. The number of articles writ-
ten in applying the DEA model in agricultural performance assessment with undesir-
able outputs rose dramatically over the past two decades. The first article was
published in 2000, while in 2019, the number of articles is 58, while more of them
was published in 2016, with 13 articles. It is anticipated the number of articles in this
field will be increased in the future.

5. Discussion

Results indicated that DEA models showed great promise to be an excellent assess-
ment tool for further productivity measurement in the agricultural sector, especially
when it is complicated to determine the production function represented the inputs
and outputs relationships. The DEA models’ superiority in dealing with multiple inputs
and multiple outputs makes them an exciting research field for scholars interested in
productivity measurement with undesirable outputs in agricultural sectors. Not only
could DEA models be an alternative for index measurement or econometric models for
productivity measurement, but also DEA models could be integrated with various
methods, such as game theory (Wu et al, 2013), artificial neural network (ANN)
(Vlontzos & Pardalos, 2017), regression (Buckley & Carney, 2013), Tobit analysis (You
& Zhang, 2016), LCA (Rebolledo-Leiva et al., 2017), goal programming (Andre et al,
2010) to deal with productivity measurement with undesirable outputs.

Furthermore, the results indicated that there are different types of DEA models
such as Meta-frontier DEA, Malmgquist index (Fei & Lin, 2016), VRS-DEA (Zhang,
2008), DDF-DEA (Makuténiené & Balezentis, 2015), SBM-DEA (Le et al., 2019), CRS-
DEA (Lin & Fei, 2015), SBM-DEA, Super-SBM DEA (Pongpanich & Peng, 2016),
Multiobjective DEA model (MORO-D) (Angulo-Meza et al,, 2019) which are helpful
and applicable to measure the agricultural productivity with undesirable outputs. DEA
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Figure 2. Distribution of articles based upon publication time (cumulative).
Source: created by authors.

models can accommodate multiple inputs and outputs to calculate the relative effi-
ciency of DMUs in agri-sectors, while it is not necessary to set the weights for DMUs
since DEA models use a ratio of “weighted outputs sum” to “weighted inputs’ sum;”
therefore, DEA models could be applied for measuring agricultural productivity due to
its superiority in dealing with undesirable outputs, which is consistent with previous
studies, such as Balezentis et al. (2016), Zhou et al. (2019), Wang et al. (2019), Halkos
and Petrou (2019a), Yang and Wei (2019), Kang et al. (2018), Liu et al. (2017).

6. Conclusion and policy recommendations

The present article’s primary purpose is to provide a holistic overview of the DEA’s
implementation in assessing agricultural productivity with undesirable outputs. In
this regard, a systematic review using PRISMA protocol has been conducted to find
and review the published articles in agricultural production with undesirable outputs
over 2000 to 2020. Primary databases, including Google Scholar, Scopus, and WOS,
were searched. This study classified the found articles concerning application areas,
including agricultural pollution, sustainable agriculture, agricultural economics, envir-
onmental performance, and resource efficiency. Agriculture pollution was ranked
first. Also, the selected articles are categorised based on different indicators such as
the name of journals, author(s) names, methods, area of implementation, study and
DEA purposes, articles” contribution and gaps, outcomes and results, year of publica-
tion, and authors’ nationalities. In this regard, there were 36 journals had contributed
to this article which. The "Journal of Cleaner Production” was ranked the first journal
with six publications, followed by "Sustainability,” "Renewable and Sustainable Energy
Reviews,” "European Journal of Operational Research,” "Agricultural Economics and
Ecological Indicators” journals with three published articles. In terms of country
nationality, China was ranked first with 39.66%, followed by Australia, Iran, and
Lithuania with 8.62%. And 6.90% respectively.

It could be concluded that DEA models could correctly measure agricultural prod-
uctivity in the presence of undesirable outputs dut the following advantages: (1)
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DMUs could operate under various condition, and DEA avoid this assumption; (2)
multiple inputs and multiple outputs could be analyzed simultaneously, and there is
no necessity to assign weight by the users in DEA models due to Pareto efficiency
used by DEA; (3) the overall efficiency could easily be interpreted, and the most pro-
ductive units and successful factors could be identified simply due to superiority of
DEA in dealing with productivity measurement issues. Also, it is noticeable that the
SBM-DEA model was widely used more than other methods, according to table eight.
SBM-DEA is appropriate for a situation in which Inputs (outputs) may not behave
proportionally. Furthermore, the slack-based DEA model works directly with slacks
and puts aside the proportional changes assumption, while radial models neglect
slacks in measuring efficiency.

6.1. Policy recommendations

Countries should balance the opportunity cost for the farmers, which is the core prin-
ciple of agriculture economics. The opportunity cost of farming enables farmers to
grow crops, sell, and make money. Society could increase the production profit by
decreasing the inefficiency through an undesirable output reduction so that compen-
sation could pay to farmers, considering an opportunity cost for the farmers. Thus, it
is unnecessary to produce more without paying a pollution emissions fee, which
reduces pollution, a giant leap for sustainable development.

Undesirable outputs, especially in the agri-sector, must be treated carefully. For
instance, it is possible to turn nitrogen surpluses, considered an undesirable output,
into a desirable input by stocking them into the soil to apply in the future production
process. Therefore, setting a price to biomass as pollution or natural fertiliser requires
more expertise as either a desirable input or undesirable output. Also, the same could
be applied to GHG, such as livestock methane emission as biogas. Biogas is a green
form of energy having great potential to use as an alternative to conventional fuel. It
can be produced from various sources, such as agricultural waste, manure, and
waste dumps.

Assessment of green agriculture productivity using DEA models allows policy-
makers to promote sustainable agriculture through highlighting various treatment
methods with undesirable outputs; then, DEA models could analyze the effect of vari-
ous subsidy policies concerning the treatment methods with undesirable outputs.
Afterward, the empirical results based on DEA models can assess the appropriateness
of incorporating subsidy policies and agriculture productivity evaluations.

6.2. Limitations and future research

Like other review articles, this review had some limitations that can be used as rec-
ommendations for future works. One of the article’s limitations is about the sources
of collected articles; this study only selected and collected the published articles from
journals of popular databases; therefore, the present article did not consider the pub-
lished articles from doctoral dissertations and textbooks. Therefore, future studies
would consider the published articles of these sources. Another contribution of the
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article is about the selected journals; in this regard, this study only considered the
published articles in English languages, and other published articles in other lan-
guages are excluded in this article. Therefore, future works can include the published
articles in other languages in the future articles. Another limitation of this review art-
icle is related to the classification of the published articles; this study classified the
published articles in agriculture into five different application areas; in this regard, it
recommends the further works classify the articles in other application areas. Due to
this review article’s objective, only the implementation of DEA models in agriculture
production performance is considered in this article; therefore, future studies can
review DEA’s application in other application areas, industries, organisations, sectors,
and firms. Also of this limitation, the current review article only emphasised the
implementation of DEA models in the assessment of agriculture production perform-
ance; in this regard, the future works can review the application of other methods
like fuzzy sets, decision making, optimizations models, neural networks and econo-
metrics approaches and methods in agriculture production performance assessment.
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Abstract
Creation of the climate-smart agriculture requires efficient resource use and
of the i among other objectives. Therefore, it is
important to assess the energy efficiency and productivity growth in the European
Union's agriculture. This paper analyses the sample of the selected European
Union member states. The productive technology including the energy consump-
tion and the resulting greenhouse gas (GHG) emission is constructed. The
measurement of the energy efficiency and productivity change relies on the
slacks-based measure and L The ivi
growth was decomposed with respect to the input/output variables and the
sources of growth (ie., efficiency change and technical progress). The average
annual ivity growth of 0.79% was obtained for the selected countries
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during 1995-2016. The highest productivity gains were observed in Lithuania,
Denmark, Belgium and Romania (1.27%-1.94% per year). The productivity growth
related to GHG ission  domi d the ibuti by the input/outpul
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in Lithuania, Denmark, Belgium, Romania, Poland, Austria, France, the
Netherlands, Hungary and Estonia.
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1 | INTRODUCTION

The growth in agricultural output has led to increasing food security
across the world since the 20th century. As Fuglie, Wang, and
Ball (2012) argued, the increase in agricultural output and dedline in
agricultural commodity prices over the 20th century (even though the
last decade saw increasing prices) allowed feeding an increasing
population. Such changes that contribute to the wellbeing of the
whole population as the means of subsistence become more
affordable. and the resources can be directed to the other sectors to
further promote economic development (Vasylieva, 2019).

A crudal issue pertinent to agricultural production is the concern
about sustainability. As it was mentioned above, the concept of

smart agriculture, sustainability

sustainable intensification calls for integrated assessment of input
consumption, production of agricultural outputs and the resulting
environmental pressures (Fan, Zhang, Chen, & Chen, 2020; Wang
et al, 2020). The depletion of the fossil fuels and dimate change calls
for wider penetration of the renewable energy sources. The latter
issue can be addressed within the energy-economy-environment
nexus (Jiang, Ji, Qin, & Feng, 2018; Jiang. Qin, Ji, Feng, & Zhou, 2017;
Pellegrini & Ferndndez, 2018). The concems on climate change have
been taken into account when developing models for sustainable
development in the other sectors economy as wel (Benz. Paulus,
Scherer, Syryca, & Trick, 2020; Chen, Gao, Ma, & Song. 2020;
Popescu, Andrei, Nica, Mieild, & Panait, 2019; Sun, Wang, Wang. &
Zharg, 2019; Tian, Zheng, Liu, Aggarwal, & Orvis, 2019). As regards

Bus Strot Env. 2020:1-14. wileyonlinelibrary.com/journal/bse

© 2020 ERP Environment and John Wiley & Sons Ltd. | 1
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the European Union (EU), the European Green Deal strategy has been
adopted to promote the dimat tral economy (Ex
Commission, 2019).

The growth in agricultural output can be maintained due to
increasing input consumption or gains in the (total factor) productivity.
The increasing use of inputs corresponds to agricultural intensifica-
tion. Indeed, the ing input c
agriculture (this especially applies to the use of agrochemicals). The
concept of sustainable intensification has emerged to recondle the
desirable growth in the output levels and mitigation of the undesirable
environmental impacts (Wynne-Janes, Hyland, Williams, & Chadwick,
2020). Therefore, the increasing input use should adhere to the
prindiples of sustainable farming.

The growth in agricultural productivity, indeed, is a more
sustainable way to increasing agricultural output, food security
and wellbeing in general. The latter source of growth has been
acknowledged as the major factor behind the increasing agricultural
output in the 20th century (Fuglie et al., 2012).

The measures of productivity vary from single-factor ones
(e.g., land ductivity or labour ductivity) to Itif: ones
(including the total factor productivity). However, the use of inputs in
the production may be subject to differences in input endowments,
quality and prices. This may render different contributions to the
productivity and output growth by different inputs.

The region- and input-specific differences in contributions to
agricultural productivity growth have been reported in the literature.
Fuglie (2018) reported that the global increase in agricultural output
was 2.24% per annum (p.a) for 1961-2014 with industrialized
countries showing the value of 1.19% p.a. As regards the changes in
land productivity, the global average was 2.04% and 1.43% for the
world and i dali ies, The oppasite trend
prevailed for the labour productivity (1.14% and 3.23%). This indicates
differences in the quality of human capital and modes of agricultural
development. Therefore, it is important to embark on the
variable-specific analysis to identify the paths and bottienecks for
agricultural development across different regions.

The frontier techniques allow for analysis of economic activities
based on an integrated k (Kubak, G & Drotar,
2019): input transformation into outputs and generation of undesir-
able outputs can be modelled as an environmental productive
technology. Ameng different techniques, data envelopment analysis
(DEA) is often used in analysis of the environmental performance
(Sueyoshi, Yuan, & Goto, 2017; Urdiales, Lansink, & Wall, 2016). The
conventional DEA models introduced by Charnes, Cooper, and
Rhodes (1978) and Banker, Charnes, and Cooper (1984) rely on the
radial measures, that is, the structure of inputs and outputs remains
fixed during the optimization, and the measures of ineffidency are
not variable specific. The slacks-based measure (SBM) proposed by
Tone (2001) and discussed by Fukuyama and Weber (2009) and Fire
and Grosskopf (2010a) considers contributions of each input/output
variable to the inefficiency score. Cooper, Seiford, and Tone (2007)
discussed the application of the SBM for the analysis of the
environmental performance with undesirable outputs.

1 i not i in

The DEA models allow estimating the distance functions, which
indicate the degree of inefficiency. These functions can be estimated
by considering different benchmarks (e.g. observations for different
time periods) to approximate the change in productivity and its
sources, The global frontier approach (Pastor & Lovell, 2005) allows to
establish a common benchmark for multiple time periods and, thus, to
derive the comesponding measures of productivity. The global
Luenberger productivity indicator was applied by Wang, Xian, Wei,
and Huang (2016). The global Luenberger indicator based on the SBM
was applied by Miao, BaleZentis, Shao, and Chang (2019). The latter
setting allows decomposing the changes in productivity with regard to
contributions of each input/output variable.

This paper seeks to identify the major drivers of agricultural
productivity change® in the selected EU member states. To this end,
we apply the global SBM-based Luenberger productivity indicator.
The research relies on the country-level data.

The rest of the paper proceeds as follows. Section 2 presents the
literature review on the analysis of agricultural efficiency and produc-
tivity growth in the EU. Section 3 presents the methods used for the
analysis. Section 4 presents the data used. The results are discussed in
Section 5.

2 | LITERATURE REVIEW

The analysis of agricultural productivity growth is an important
research avenue due to the role of agriculture in the economy. Njuki,
Bravo-Ureta, and O'Donnell (2019) presented a parametric framework
for analysis of the total factor productivity growth based on the
random parameters frontier. Skevas (2020) and Barath, Ferto, and
Bojnec (2020) applied the random parameters frontier for efficiency
and productivity analysis. Acosta and Luis (2019) also applied
stochastic frontier analysis (SFA) for agricultural sector in the world.
Njuki and Brave-Ureta (2019) applied the SFA to develop a single-
factor productivity measure.

Among different measures of the productivity growth, the
Luenberger productivity indicator is often applied in empirical
research. The Luenberger productivity indicator is additive, which
allows handling extremely small or zero values in the analysis. What is
more, it allows for nonradial analysis as the directional vectors can be
applied. Wang and Wei (2016) utilized the Luenberger productivity
indicator to measure energy productivity gains. Kerstens, Shen, and
Van de Woestyne (2018) discussed the properties of the Luenberger
indicator and compared it with the Luenberger-Hicks-Moorsteen pro-
ductivity indicator. Geylani, Kapelko, and Stefanou (2019) applied the
Luenberger productivity indicator in the dynamic setting for enterprise
p e analysis. t. Ferrier, Leleu, and Shen (2020)
extended the of the L indicator and applied it
to the healthcare sector. Therefore, the Luenberger productivity
indicator can be applied to different settings and levels of analysis.

*Productivity change can be either positive or negative. Following the economic literature,
one may al general term | ivity growth’ which 1o, for example, the

‘economic growth'.
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TABLE 1 The studies on efficiency and productivity change in the European Union (EU) agriculture
Time period
Reference Estimator Productivity change measure Environmental pressures covered
KotiSova (2015) DEA ad e 2007-2011
Kocisova, Gavurova, and SBM-DEA = = 2005-2013
Kotaskova (2018)
Blajejczyk-Majka (2017) DEA - - 2012
Martinho (2017) DEA e = 2013
Martinho (2020) DEA = = 2014-2016
Barath and Fertd (2017) DEA Fare-Primont index - 2004-2013
Viontzos, Niavis, and SBM-DEA = Carbon dioxide emission and 2001-2008
Manos (2014) nutrient balance
Bartova, Fandel, and DEA Malmquist-Luenberger index GHG emission 2006-2015
Matejkova (2018)
This paper SBM-DEA Luenberger indicator Energy-related GHG emission 1995-2016
Abbreviatic DEA, data ! analysis; GHG, greenhouse gas; SBM, slacks-based measure.

In this section, we further survey the studies on the analysis
of the agricultural effidency of the EU member states. These
studies apply the frontier methods (i.e., the DEA or SFA). The
literature survey presented in this paper focuses on the country-
level analysis. Table 1 on the EU
member states.

The first group of papers applies the basic DEA models without
considerations of productivity or environmental pressures. Kotiova
(2015) applied the radial DEA to assess the technical efficiency of the
EU agriculture at the country level. The productive technology
involved land, labour and capital inputs along with crop and livestock
outputs. The research covered years 2007-2011. Kocisovaetal. (2018)
applied the SBM to analyse the efficiency of the EU agriculture. The
productive technology was defined in terms of labour input,
agricultural land, crop output and livestock output. The study covered
the period of 2005-2015. The results indicated that labour is better
utilized if compared with the land input. BtaZejczyk-Majka (2017)
applied the radial DEA to measure the effidency of the agricultural
sector of the EU member states in 2012. The analysis

the relevant i

The second group of papers includes those applying total factor
productivity (TFP) and/or ideri
sures in the analysis. Among scarce studies on country-level agricul-
tural efficiency appearing in intemational outlets, the one by Barath
and Fertd (2017) applied the DEA along with the Fire-Primont
index, which ensures transitivity. The data from the Food and Agri-
culture Organization Statistical Database (FAOSTAT) were used. The
inputs included labour, land, fixed capital consumption and interme-

envir

pres-

diate consumption. The crop and livestock outputs were considered.
The data for 2004-2013 were analysed. Viontzos et al. (2014)
utilized the SBM-DEA to assess the environmental and energy
efficiency of the EU agriculture. The inputs included energy expendi-
tures, labour and capital, whereas the outputs included a desirable
output (agricultural output) and undesirable outputs (carbon dioxide
emission and nutrient balance). The data for 2001-2008 were
analysed. Bartovd et al. (2018) used the aggregate country-level data
from Eurostat to measure the environmental efficiency and produc-
tivity change of the EU agriculture. The total agricultural output and

labeur, land, ‘total inputs’ from the Farm Accountancy Data Network
(FADN) system (specific costs plus overheads, depreciation and
external factors), and fixed capital as the four inputs along with crop,
livestock and other outputs. Note that the ‘total inputs’ and fixed
capital both relate to the amount of capital employed in the produc-
tion process. The FADN data were used.

Martinho (2017) looked into the efficiency of the EU agriculture
at the country level by applying the radial DEA. The total agricultural

by gas (GHG) were used as the desirable and
undesirable outputs, respectively. The inputs included labour, land
and fertilizers. The period of 2006-2015 was covered. The weak
disposability technology, directional DEA and Malmquist-Luenberger
productivity index were applied.

The literature analysis suggests that there have been studies
dealing with the i ici and growth in the
EU agriculture. However, to the best of our knowledge, there have
been no studies performing variable-specific decomposition of the

output as well as labour, assets, fertilizers, crop p 1 products
and wages were used to define the productive technology. The
monetary variables from the FADN were used. Martinho (2020)
applied the DEA to measure the efficiency of the agricultural sectors
of the EU member states. The latter study considered energy expendi-
tures as one of the inputs besides labour and fixed assets. The output
was the total agricultural output. In this case, the unpaid labour input
remained ignored.

adjusted productivity growth at the country level.
‘What is more, energy was often ignored as an input, or the relevant

tput (GHG ) was not for. In many of
the earlier studies, the FADN data were used. These data do not allow
for assessing energy inputs or environmental pressures in physical
quantities. Therefore, this paper further embarks on the analysis of
the energy effidency and productivity growth in the EU agriculture
based on the DEA and Luenberger productivity indicator.
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3 | METHODS

The ducti hnol the energy and the
resulting GHG emission is discussed in this section. The measurement

where i is a 1 x D vector of intensity variables. Note that this is a
constant retum to scale technology. Variable retums to scale

D
technology can be obtained by imposing 3 J4=1. The global
d=1

of the energy efficiency and productivity refies on the SBM-DEA and jise linear technology is, therefore, given as
T D T o s
it s x, Ly g, A<z,
P'=q(ey.2) :?14.1 o r-EmEl' & ’E:“;i L7 2k 2

420d=12,..D,i=12,..Lj=12..J k=12 .Kt=12..T

Luenberger productivity indicator. The preliminaries for these
measures are also discussed.

3.1 | Environmental production technology

The energy efficency and productivity change can be measured by
constructing the productive technology. In this paper, we follow the
nonparametric approach. Let there be D decision-making units
(DMUs) (countries) indexed by d = 1,2..D. The environmental
production technology for time period t = 1,2,...T is defined in terms
of input quantities x¥**<R’, , output ities y4‘€R’, and L

In this paper, the strong disposability is assumed for the
undesirable outputs. This implies that the undesirable output (energy-
related GHG emission) can be scaled without considering the changes
in the desirable output This can be achieved by increasing the share
of renewables in the energy mix. The other approaches for modelling
the disposability are possible (see, e.g., Fang, 2020).

3.2 | Distance function and efficiency

The productive technology can also be defined in terms of the
directional distance function (Chung, Fire, & Grosskopf, 1997). The

output quantities 2R . The inputs are intentionally 1
into outputs (desirable ones) whereas the undesirable outputs are

(e.g., jion). The p n
for time period t (i.e, the contemporaneous technology) is defined in
terms of the production possibility set:

Pt={(x'¥",Z)x' canproduce (y,7) }, (1)

where the notations of DMUs are dropped for convenience. The
inputs incdude energy use, and the undesirable outputs indude
energy-related GHG emission. This allows considering energy
efficiency. Then, the global technology (Pastor & Lovell, 2005), P, is
defined as a convex hull
technologies:

over the c

P=mnv(£jip)‘ @

One cn also use the alternative definition by Kerstens,
O'Donnell, and Van de Woestyne (2019), where no convexity is
assumed when constructing the global (or meta-) technology.

The formal definitions outlined in Equations 1 and 2 can then be
operationalized by assuming the specific type of the undedying

ing the ic pi linear Y
and ing strong disp ility of the outputs (Hailu &
Veeman, 2001), approximation of P' is obtained as follows:

D D D
Aadtsx, ¥ Ayt ey, 2t <z,
e P M Y

1420,d=12,.Di=12,Lj=12. . k=12, K
3

directional distance function is formally defined as
D (xy.2:8,.8,) = (ma(p | (x.y + figy.z— g ) €P). 3)

where g, and g, are the directional vectors defining the direction of
the movement towards the efficiency frontier. In this instance,
assuming the directional vectors are nonnegative ones, the increase
in the desirable outputs and contraction of the undesirable cnes is
modelled. Fully efficient DMUs show D'() = 0. The index t in
Equation 5 indicates that the distance is measured relative to the
contemporaneous frontier for time period t. The global technology
can also be used as a reference. In the latter case, the index for t is
dropped.

The directional distance function in Equation 5 can be further
generalized by allowing nondirected movement and adjustment of all
the variables (inputs, outputs and undesirable outputs). These assump-
tions render the nonradial directional distance function (Zhou, Ang, &
Wang, 2012):

D'(x,y.z:g) = (maxwp| (x.y.2) +g-diag(f)cP'), (6)

where w is the normalized vector of weights associated with the
variables used and diag(-) is the operator for converting a n x 1 vector
into the diagonal line of a n x n square matrix (in general case). Fire
and Grosskopf (2010b) showed that Equation é can be formulated as
an SBM-DEA problem. In this instance, the SBM (Miao et al., 201%;
Tone, 2001; Zhou et al, 2012) can be applied to measure the
inefficiency of the d'th DMU (country):
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.
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58,520,

where s*, s" and & are the slacks associated with inputs, outputs and
undesirable outputs, respectively; and g, g, and g; are the directional
vectors for inputs, outputs and undesirable outputs, respectively. In
our case, we use the proportional distance and set the directional
vector to be equal to the observed quantities of the input/output
variables. The linear progr Es ion 7 uses P* as
the reference technology. The global technology can be used by
adding all the observations to the left-hand side of the constraints
(as in Equation 4). In the latter case, the resulting distance function is
denoted as Df-).

ing problem in

3.3 | Productivity change

The measures of inefficiency defined in Section 3.2 allow one to
assess the performance gaps for a given time period. The dynamics in
the performance is also an important issue for decision makers.
Ack ledgil the intertemp varation in the underlying
productive technology, the measures of efficiency need to be
measured against different reference technologies. The change in the
performance over time can be represented by the productivity change

measures,
As Section 3.1 put it, we resort on the concept of the global tech-
nology in this paper. Therefore, the global Luenberger productivity
indicator (Wang et al, 2016; Beltran-Esteve, Giménez, & Picazo-
Tadeo, 2019) is applied to measure and decompose the productivity
change for the agricultural sectors of the EU member states. The
productivity change during t — (t+1) for country d is measured as

LA = Dt 4L AL ) - D(xHH1 At ALty (g)

where D{) s the distance function relative to the global frentier as
explained in Section 3.2. Therefore, positive (resp. negative) values of
LP imply positive (resp. negative) productivity growth as an
observation approaches the global frontier over time.

The Luenberger productivity indicator can be further broken
down in to the two components representing technical progress (TP
and efficiency change (EC). The efficiency change is measured by
considering the change in the distance to the contemporaneous
frontier over time:

- eyl ¢

EC;"‘-D‘(x"‘,y‘".Z‘";g’) ADr‘v)(hA‘l*l"‘d:‘lldel;sl ).

©)

Thus, EC shows whether a certain country improved its
performance relative to the contemporaneous frontier. Generally,
reallocation of resources and improved managerial practices can affect
the EC. The distance to the frontier is measured at different time
points (for given input/output Taking the di of
these distances shows how much the performance gap changes over
time due to -specific per Positive (resp.
negative) values of EC indicate that an observation improved (resp.
reduced) its efficiency. In general, the positive EC can be observed
due to the improved farming and managerial practices when resources
are properly used in the production process.

The technical progress is defined as the change in the best
performance gap from time period t to time period t+1:

TP =TGY—TGL
.%[Dron()@.-_yd:'tu:g-) —DF ey, Agt)]
—[DF (A Y, Y D (AL 1 L gtedy]
(10)

The TP indicates whether the best practice is improving over time
in the region of a certain observation (country). The movement in the
frontier is measured at the input/output combinations (those for
time periods t and t+1). The outward movement of the frontier
corresponds to increasing productivity at the best-practice observa-
tions and is represented by positive TC. A negative value is observed
in case the frontier moves inward. The production frontier movement
is achieved by means of innovations and is determined by the
innovating DMUs (countries).

The global Luenberger indicator based on the SBM-DEA will be
applied to the case of the EU agriculture. This allows for tracking the
contributions to productivity growth associated with different inputs
and outputs. In particular, we are interested in the contributions by
energy ion and gy-related GHG emissis
the global technology will allow avoiding the problem of infeasibilities.

The use of

4 | DATA

The productive technology for the agricultural sectors of the selected
EU member states indudes the standard variables used in the agricul-
tural production analysis. The country-level data are used. The data
come from Eurostat (Economic Accounts for Agriculture and Energy
Balance). The data are available from the Eurostat website (European
Commission, 2020). The inputs include energy consumption in

fixed capital ion in ing power

labour in the annual working units and utilized agricultural land in
hectares. The desirable output is the total agricultural output in pur-
chasing power standards. The monetary variables are measured in the
constant prices of 2005 to ensure comparability. The undesirable
output is the energy-related GHG emission.
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5 | RESULTS

This section describes the data used for the EU agriculture in the
context of productivity analysis. The results on inefficiency and pro-

ductivity change are provided. The level of inefficiency indicates the
position (performance) of individual countries with respect to the

—#— Energy ~= Capital —#— Labour —— Land ~¥— GHG emission
gu.ﬂe 020
o.18

016
014
012
T 0.10
008

global frontier at a certain time period, whereas the p
change measures the intertemporal dynamics and allows for decom-
position of changes.

5.1 | Dynamics in efficiency

The inefficiency? can be measured with respect to the global frontier.
Assuming constant retums to scale (CRS), the changes in the global
inefficiency are related to changes in the productivity. The additive
nature of the SBM of inefficiency (cf. Equation 7) allows one to isolate
the contributions of individual inputs and outputs towards the overall
inefficiency.

The inputs and undesirable output (energy-related GHG emission)
show nonzero inefficiencies, whereas the inefficiency score for the
desirable output (agricultural output) is zero. This implies that the
improvements in agricultural productivity in the EU are mostly related
to the increasing resource efficiency and improving environmental
performance. The average values of the variable-specific CRS ineffi-
diency scores are further analysed in order to identify the key trends
in inefficiency along with contributions of the individual variables.

The dynamics in the inefficiency scores related to the inputs is
given in Figure 1. Obviously, the inefficiency due to input use declined
over time for the agricultural sectors of the selected EU countries. The
gains in efficiency are particularly evident following year 2004. Indeed,
this year corresponds to the expansion of the EU and application of
improved farming practices in the new member states. The ineffi-
dency due to the energy-related GHG emission (Figure 1) also
declined during 1995-2016 in the agriculture of the selected EU
member states. Therefore, the resource efficiency and environmental
performance have both improved in the EU agriculture. The fluctua-
tions in the GHG emission efficiency come from the two main sources:
changes in the energy consumption and energy mix (against the out-
put level). In this case, the climatic conditions and price recovery play
the most important roles as these determine the levels of energy
inputs and the utilization of the factor inputs (including energy input).

The results depicted in Figure 1 suggest certain dif exis-

0.06
0.04
002
0.00

Tne Ficiency (GHG emission)

FIGURE 1

Inefficiency for the inputs and energy-related
greenhouse gas (GHG) emission (averages for the selected countries)

over 1995-2016. Therefore, the energy efficiency improvement
remains a topical issue for the EU agriculture in spite of the positive
movements observed throughout the period covered. The energy
inefficiency is distinct from the other input variables in that the rate
of change dedlines going from the period of 1995-2003 (-0.13 p.p.)
to that of 2004-2016 (-0.08 p.p.), whereas the opposite pattem is
observed otherwise.

The results in Table 2 corroborate several findings. First, all the
inputs and outputs show negative trends over 1995-2016, which
imply decreasing inefficiency. Second, the average values for
2004-2016 are lower than those for 1995-2003. Third, the two vari-
ables related to energy resources (energy use and energy-related
GHG emission) show the highest inefficiency (mean values of 3.84%
and 14.21%) and are followed by capital (3.51%), labour (2.37%) and
land (2.18%). Note that the i d with the
output is zero.

Turning to the country-wise analysis, Figure 2 presents the mean
inefficiency scores across the EU member states. Latvia, Poland,
Estonia and Finland appear as the countries with the lowest levels of
agricultural efficiency, whereas the Netherlands, Bulgaria, Belgium
and France seem to be the most efficient countries. The decomposi-
tion of the inefficiency scores shows that the energy use is responsi-
ble for the highest share of the overall inefficiency in Austria, Czechia,
Estonia, Hungary, Lithuania, the Netherlands, Romania and Slovakia.
As regards the inefficiency due to the energy-related GHG emission,
Austria, Slovakia and Lithuania show relatively low contributions to
the overall inefficiency, whereas Bulgaria, France and Slovenia are

latively inefficient in this regard. Therefore, countries with cleaner

ting among the input and output variables in terms of their contribu-
tions to the overall inefficiency. Therefore, Table 2 reports the
average values of inefficiendies along with the trend coefficients
(which comrespond to the stochastic rates of change). As one can note,
the two variables relevant to energy resources—energy use and
energy-related GHG emission—show the highest mean inefficiencies

2The SBM applied in this paper (Equation 7) measures inefficiency (score) that is based on
the slacks for inputs and outputs. Therefore, we speak of inefficiency when discussing the
empirical results. Note that inefficiency is inversaly related to effidency. Therefore, zero
inefficiency implies ful effidency.

energy mix can be associated with lower GHG inefficiency in spite of
being energy inefficient (this is the case for Austria, Slovakia and
Lithuania). The opposite pattem holds for countries, which are energy
efficdent yet the energy mix induces relatively high emission
inefficiency.

The strategic measures envisaged in the Common Agricultural
Policy (CAP) seek to ensure the convergence of the agricultural
performance within the EU. In order to test the presence of the
convergence in the agricultural efficiency, we follow the concept of
the o-convergence, that is, we chedk whether the spread in the
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TABLE 2 The dynamics in inefficiency for the sample of the European Union (EU) member states, 1995-2016
Time span Energy Capital Labour Land GHG emission
Average (%)
1995-2016 384 354 237 218 14.21
1995-2003 452 4.00 355 279 16.57
2004-2016 338 316 155 176 1258
Trend (rate of change) (p.p.)
1995-2016 -0.10 -0.09 -017 -0.09 -0.34
1995-2003 =013 =001 =010 =0.06 -0.16
2004-2016 -0.08 -0.15 -0.14 -0.10 -0.33
Abbreviation: GHG, greenhouse house.
FIGURE 2 The average global
inefficiency and its decomposition across WEnergy M Capital W Labour MLand ® GHG emission Q Total
the countries, 1995-2016. GHG, "
reenhouse gas Aveange e
5 Lawvia 4%
Poland 8%
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inefficiency measures declines over time across the EU member
states. The results are provided in Figure 3.

All the inputs and outputs showed increasing divergence in terms
of the assodiated efficiency scores. The results imply that inefficiency
related to energy GHG emission
showed the lowest degree of divergence. Therefore, inefficiency of
energy consumption has seen an increasing polarization in the EU
agriculture (across the member states), yet it was lower than that
observed for inefficiency of labour or land. Especially, the period of
2014-2016 marked an increasing divergence in the energy and GHG
emission inefficiency. These changes may have been due to the
climatic fluctuations in some of the EU member states, which lead to
divergence in the energy use and the related inefficiency.

and the c

52 | Productivity change

Besides the global ici which the pe of
each country at a certain time point, the productivity change can be

Average inefficiency

analysed to obtain the information on the changes in the input
consumption and output production over the time. The measures of
productivity can be decomposed with respect to the sources of
productivity growth, which provides additional insights in the
dynamics in the EU agriculture. Due to the additive structure of the
SBM, the Luenberger productivity indicator can also be decomposed
with regard to the inputs and outputs.

The average values of the Luenberger productivity indicator and
its components for the group of selected countries are depicted in
Figure 4. The average annual productivity growth is 0.79% for the
period of 1995-2016. As Figure 4a suggests, the frontier movements
occurred rather freguently, and these movements took different
directions. The cumulative effect of the technical progress remained
negative up until 2007. The cumulative efficiency change effect
remained positive throughout most of the period covered, yet certain
years saw a decline in the efficiency. These changes are related
climate shocks and market which supp
exploit the capital acquired to a full extent In general, the

to
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contribution of the efficiency change was 046% pa. and that of the
technical progress was 0.33% pa. Therefore, the individual countries
managed to catch-up the frontier and the resources tended to be
allocated more efficiently over time across the selected EU countries.
The cumulative average productivity growth over the period of
1995-2016 was 16.6% with 9.6% attributed to the efficiency change
and 7% to the technical progress. As Figure 4b suggests, the
cumulative productivity kept following a positive trend throughout
1995-2016.

As it is the case with the efficiency of the EU agriculture, the
productivity growth is also different across the subperiods of
1995-2003 and 2003-2016. The average cumulative productivity
growth for the period of 1995-2003 is 2.15%, whereas the
corresponding value for 2003-2016 is 10.9%. The technical
progress shows much higher contribution towards the growth in
the overall productivity over the period of 2003-2016 if contrasted
to the eadier subperiod.

The productivity growth can be decomposed with regard to the
input/output variables. Such an approach allows one to identify
the key contributors towards the productivity growth along with the
major obstacles in the EU agriculture. As both the energy use and
energy-related GHG emission are included in the analysis, the
associated productivity growth measures can bring more light on the
energy and environmental preductivity. The decompoasition is carried
at the country level (Figure 5).

The highest productivity gains are cbserved in Lithuania, Den-
mark, Belgium and Romania. Among those countries, Lithuania
shows the highest inefficiency (cf. Figure 2). The productivity growth
related to GHG emissie the by the input/
output variables in Lithuania, Denmark, Belgium, Romania, Poland,
Austria, France, the Netherlands, Hungary and Estonia. These
countries managed to reduce the energy-related GHG emission
without dedine in the output level of input consumption. This can

M Encrgy MCapital Labour MLand W GHG emission ™ Output % Total

Average
Slovenia
Sweden
Bulgaria
Estonia
Finland
France
Czechia
Netherlands
Latvia
Austria
Slovakia
Hungary
Poland
Romania
Belgium
Denmark
Lithuania

- eyl

be achieved by upgrade of the energy mix. The energy input is also
an important contributor to the productivity growth across many of
the countries analysed. The counties showing the highest contribu-
tion of the energy input towards the productivity growth include
Lithuania, Belgium, Romania, Poland, Slovakia, the Netherlands,
Estonia, Bulgaria and Sweden. In general, the average contribution to
the productivity growth of energy, capital, labour and land ranges in
between 0.1% and 0.15% p.a. The energy-related GHG emission
shows the highest average contribution of 0.32%. Therefore, the EU
member states have achieved substantial energy productivity gains
during 1995-2016.

The productivity gains associated with the energy-related GHG
emission are higher than those for the energy consumption. This
implies that, besides energy conservation, the progress towards the
cleaner energy has been maintained However, there have been
countries indicating unfavourable processes in regard to energy use
and the related environmental impacts. For instance, Slovenia shows a
slight decline in the agricultural productivity associated with the
energy use. As regards the energy-related GHG emission, Czechia,
Sweden and Slovenia showed a negative productivity growth. This
implies that energy-related GHG emission increased in those
countries at the given input and output levels.

The contribution of different inputs and outputs towards the
productivity growth in the agricultural sectors of the selected EU
Member States varies with time. The dynamics in the cumulative
average contribution associated with each variable is depicted in
Figure 6. Up until 2004, all the variables contributed equally to the
growth in the agricultural productivity. However, the capital input

the least imp contributor tk the period
covered. Contribution by the energy-related GHG emission kept
increasing (with certain fluctuations) throughout the whole period
covered and, since 2002, has been the major contributor on the
average. The labour input was associated with the second highest

.79%

0.05%
0.15%
o 18%
| 0.29%
0420
B —
-

046%

0.87%

" asen

0.71%
0.92}
0.93%
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143%
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136

FIGURE 5 Decomposition of the productivity 1%
growth at the country level (average values for
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1995-2016). GHG, greenhouse gas
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FIGURE 6 Dynamics in the cumulative
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contribution to productivity growth, and the energy consumption
followed suit. Therefore, the energy-related GHG emission appeared
to contribute more to the productivity growth than the energy input,
and this pattem has persisted since 2002. This suggests that dleaner
energy (as opposed to the energy conservation) has become a major
factor pushing the environmentally sensitive productivity growth up
in the EU agriculture.

The productivity change can be decomposed into the compo-
nents of the effidency change and technical progress (Section 3.3).
The technical progress indicates the movement of the frontier in the
direction of the input-output vector observed for a certain country.
The further decomposition in regard to the individual inputs and out-
puts allows one to identify the drivers of technical progress. The
country-level ition of the progress is provided in
Figure 7. The largest movement in the frontier is observed for Roma-
nia, Slovenia, France and Slovakia (in between 1.27% p.a. and 0.93%

M Energy WCapital ®Labour MLand M GHG emission M Output o Total

pa.). The negative change is observed for Finland, Poland and Latvia
(in between -0.14% p.a. and —-1.43% pa.). The negative technical
progress in terms of energy consumption (i.e., the increasing energy
use for given level of desirable output and combination of inputs) is
observed for Czechia, Sweden, Finland, Poland and Latvia. These
countries along with Hungary also experience a negative technical
change with regard to the energy-related GHG emission. Thus, these
countries face an inward frontier movement indicating loss in energy
productivity. The spillover of energy productivity measures should
be ensured in the EU agriculture with focus on the aforementioned
countries in order to avoid such undesirable processes.

The average contribution to the productivity growth by the EC is
presented in Figure 8. As one can note, Poland and Latvia appears as
the two countries showing the highest catch-up effect (more than 2%
pa.). Lithuania also shows a similar rate of growth (1.69% p.a.).. The
energy-related GHG emission appears as the major contributor to the

FIGURE 7 Decomposition of the technical
progress at the country level (average values for

Average 32 1995-2016). GHG, greenhouse gas
Latvia -1.43
Poland -0.98%
Finland. 0.14% —
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FIGURE 8 Decomposition of the efficiency
change at the country level (average values for
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EC. Energy ako contributes positively in the case of the EC growth.
However, some countries showed dedline in the EC due to the
energy-related GHG emission (Austria, Sweden, Estonia, France and
Slovenia). These countries should be assisted in opting for the deaner
energy options in the agricultural sector. This can be partially achieved
via the measures of the CAP.
If contrasted to the case of EC, TP shows higher contribution
of the energy-related GHG emission. This suggests that the frontier
higher p vity gains due to declining car-
bon intensity, whereas the catch-up in this regard is not as signifi-
cant. Accordingly, the identification and transfer of the good
practice in transition towards cleaner energy in agriculture remains
important.
The negative EC growth is observed for Estonia, France and Slo-
venia. Indeed, this is mainly determined by the energy-related GHG
emission and energy use (as discussed above). Especially, France and

Slovenia requires improvements not only in the energy mix but also in
the energy efficiency.

The convergence in the cumulative productivity growth is tested
by calculating the variance (Figure 9). The variance went up during
1995-2004 and followed the U shape afterwards. Thus, the expansion
«of the EU is related to anincrease in the productivity convergence.

The CAP of the EU should put more efforts in promoting
cleaner energy as the results indicated that inefficiency scores
associated with energy use lower than those associated with the
energy-related GHG emission. In this context, the establishment of
carbon market would also benefit in internalizing the pollution
costs and increasing willingness to adopt cleaner energy technolo-
gies. At the macro level, the analysis of the carbon price remains
important to identify the major directions for development and
effectiveness of the support policies. The microdevel carbon
accounting practices are also required in order to ensure proper
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monitoring and accounting. In any case, a wider discussion on the
effects of the energy use on the climate change is needed in the
EU agriculture.

6 | CONCLUSIONS

The use of resources and environmental impacts of the economic
activities have received more attention in the policy making and
research due to the increasing concerns of the climate change. The
agriculture has also been affected by the climate change, among other
factors. Therefore, this paper attempted to analyse the dynamics in
the energy efficiency and preductivity across the agricultural sectors
of selected EU member states.

In order to isolate the effects of the energy use and account for
contributions of the other production factors, the frontier-based pro-
ductivity analysis framework was adopted. The slacks-based model
and Luenberger productivity indicator were unified in order to
decompose the measures of effidency and productivity change. The
productivity growth was decomposed into effidency change and

However, the variation of the inefficency due to energy use and
GHG emission tended to show the lowest variation. Therefore, it is
still important to ensure the convergence of the EU member states in
terms of the agricultural efficiency and productivity.

The results of the study can be useful in guiding the dimate-smart
and energy-efficient agriculture in the other regions of the world.
First, the results indicate that environmental productivity can be
increased in both developed and developing countries. Therefore,
support should be provided for countries with backward energy mix in
order to promote cleaner energy use in agriculture. The particular
cases can be identified (e.g, Sweden and Slovenia in this study) as
peers for delling agricultural de it in the other regions.
Finally, the model applied in this study can be integrated
into dedsion-making systems for energy-efficent agricultural

development.

This research can be continued by including more recent data for
economic and environmental performance of the EU member states.
In addition, the k ing di ility of the
output could be altered. This would allow exploring the effects of
different theoretical models on the empirical results and policy

technical progress based on the global productive

Energy use and energy-related GHG emission appeared as
important contributors to the overall inefficiency. As regards the
inefficiency due to the energy-related GHG emission, Belgium,
Austria Slovakia, Denmark, Sweden, Finland and Lithuania showed
relatively low contributions to the overall inefficiency (37%-49% of
the overall inefficiency), whereas France, Romania, Slovenia,
Czechia, Hungary, Estonia and Poland were relatively inefficient in
this regard (60%-70% of the overall inefficiency). Therefore,
countries with cleaner energy mix can be associated with lower
GHG inefficiency in spite of being energy-inefficient (this is the
case for Austria, Slovakia and Lithuania). The opposite pattem holds
for countries that are energy-efficient, yet the energy mix induces
relatively high emission inefficiency. In general, the energy-related
inefficiency declined over 1995-2016.

The productivity growth was decomposed with respect to the
input/output variables and the sources of growth (i.e., efficiency
change and technical progress) The average annual productivity
growth of 0.79% was obtained for the selected countries during
1995-2016. The highest productivity gains were observed in
Lithuania, Denmark, Belgium and Romania (1.27%-1.94% per year).
The productivity growth related to GHG emission dominated the con-
tributions by the input/output variables in Lithuania, Denmark, Bel-
gium, Romania, Poland, Austria, France, the Netherlands, Hungary and
Estonia. These countries managed to reduce the energy-related GHG
emission without decline in the output level of input consumption.
This can be achieved by upgrade of the energy mix. Therefore, the EU
member states have achieved substantial energy productivity gains
during 1995-2016.

The analysis of convergence suggested that there was a
divergence in productivity growth during 1995-2003, whereas the
period of 2003-2016 saw an uncertain direction. In the case of
inefficiency scores, the divergence tended to increase with time.
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ARTICLE INFO ABSTRACT

JEL: The ranking of decision-making units can be by their However, the discrimi-
n;lmry power of efficiency measures s sometimes compromised, and complete rankings are ot attained.
s 1 must be d when assessing the sustainability of operations.
Qo This paper appues the “average contribution to structural efficiency” index to measure the environmental per-

Jeyonie i formance of the European Union Member States’ agricultural sectors. The contribution index considers all of the
wﬂmﬂfm possible combinations of observations when anes:lng states envimnmen{:l performance. This process allows for
M"'m"m"“ a complete ranking of the countries under consi The of Bulgaria, Denmark,
S i France, the Netherlands, Romania, Slovakia and Slovenia, as measured by the conventional data envelopment
European union analysis, approached the production frontier. Therefore, these countries could not be ranked based on the

conventional data envelopment analysis model. The application of the contribution index showed that Romania,
the Netherlands, Bulgaria, Slovakia and Slovenia were ranked as the best-performing countries. In addition,
France and Belgium showed positive contributions to structural efficiency, although they were not classified as
efficient countries. Therefore, cooperation with these countries would allow other countries to exploit their
agricultural resources in a more productive and sustainable manner.

1. Introduction (Deng and Gibson, 2019; Pan et al., 2021).

In the case of the European Union (EU), the agricultural sector has

The development of the agricultural sector has resulted in multiple
benefits for society. The increasing availability of food has allowed
people to overcome the problems associated with inappropriate levels of
food security and affordability. Increasing productivity has also allowed
rural populations to improve their living standards. However, the
increasing intensity of input application in agricultural production has
also caused concerns over the sustainability of the agricultural sector. To
this end, there is a need for integrated frameworks accounting for
different dimensions of agricultural development Fuglie (2018). pre-
sented an analysis of agricultural productivity change across the world.
In particular, the industrialized countries have shown the highest rates
of growth in labor productivity (along with a decline in labor input) and
lowest growth in agricultural output per land area. The measurement of
agricultural productivity growth and efficiency has been performed
across various regions with a focus on environmental performance

* Corresponding authors.

E-mail addresses: znzy)986@163.com (N. Zhu), tomas@laei It (T. Balezentis).

htrps://dol.org/10.1016/].techfore.2022.121590

been developing both quantitatively and qualitatively since the end of
World War II. Over the last three decades, new EU Member States from
the postsocialist bloc have entered the global agricultural market as
independent players (Rozelle and Swinnen, 2004). This context has
induced a number of sociceconomic transformations across regions,
sectors and farm size groups Moutinho et al. (2018). applied stochastic
frontier analysis to assess the efficiency of European agriculture.

The measurement of agricultural efficiency and productivity growth
requires proper methodological tools. Neoclassical production theory
offers the production frontier approach for gaging productive perfor-
mance. The frontier techniques can be applied for ranking decision-
making units (DMUSs) in terms of multiple indicators. Data envelop-
ment analysis (DEA) is a nonparametric frontier technique that allows
for the estimation of production frontiers without assuming a particular
functional form Liu et al., (2013). This approach is appealing in that it

Received 9 June 2021; Received in revised form 13 February 2022; Accepted 19 February 2022
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relies not only on mathematical aggregation but also on neoclassical
economic theory (Afriat, 1972; Orea and Zofio, 2019). DEA has been
applied in agricultural economics research (Lozano and Adenso-Diaz,
2021). However, DEA can be impeded by the “curse of dimensionality™
since efficiency levels increase with increasing numbers of inputs and
outputs relative to the number of nbserv:mons

The to offer imp of DMUs in terms of
technical efficiency have included super efficiency DEA and cross-
efficiency DEA (Doyle and Green, 1994). Super efficiency DEA was
proposed by Andersen and Petersen (1993) as a tool for addressing sit-
uations in which the ranking of the DMUs cannot be performed effec-
tively due to limited sample sizes. In particular, efficient observations
can be buted to effi scores il ing their performance with
regard to other DMUs. Super efficiency DEA, however, features certain
drawbacks since there can be infeasibilities in the oriented models, and
the measures of efficiency are relative to the different frontiers for each
observation (i.e., the lack of transitiveness); see Zhu et al. (2019) fora
discussion of super efficiency DEA and the related approaches.

Concerns over climate change require addressing the energy-
economy-environment nexus (Ye et al, 2018). DEA can also be
applied to assess environmental performance (Zhou et al, 2008;
Sueyoshi et al., 2017; Toma et al., 2017). This goal can be achle\md hy

Technological Forecasting & Social Change 178 (2022) 121590

T = {(x,y, b) : x can produce (y, b)} (1)

where x, y and b represent the vectors of input, desirable output and
undesirable output quantities, respectively. Convex piecewise linear
nonparametric technology can be applied to approximate T. As we
address the EPT, weak disposability between the desirable and unde-
sirable outputs can be assumed (Fare et al., 1989). Assuming that there
are K decision-making units (DMUs) indexed over k=1,2,....K that
consume [ inputs to produce both J desirable outputs and L undesirable
outputs, the nonparametric representation of T is given as:

« « x
Do Amusx Y A2y dibu=bid 20, }

e f=1,2,.cr

{ (xy,B) R

k=12..Kl1=12,..L
2

where J; are the intensity variables that define the production frontier in
terms of the observed production plans. The technology provided in Eq.
(2) ensures constant returns to scale.

Cheng and Zervopoulos (2014) d the lized directional
(ﬂstance function (DDF), which measures efficiency with respect to

a certain envir | production technology and
efficiency measures capturing performance gaps (Ma et al., 2019; Zoi-
iehhabib et al., 2021). The problem of dimensionality further increases
in this instance with additional (viz., outputs are
included in the model). Thus, there is a need to reconcile the quest for
environmental performance analysis with complete ranking of DMUs.

To rank the efficiency of DMUs, their impact on structural efficiency
can be assessed following Zhu et al. (2019, 2020) Soltani et al. (2021).

da tional efficiency h for ranking DMUs.
Structural efficiency refers to the efficiency of the aggregate production
unit, ind the possible 11 of resources (Karagiannis,
2015). The possible combinations of DMUs are considered to establish
the . The to structural efficiency are
then evaluated in the spirit of the Shapley value (Shapley, 1953).

In this paper, we seek to apply Ihe marginal contribution to the

efficiency app h for sectors from a sample of
the EU Member States. This approach has been used for the banking
sector (Zhu et al., 2020), yet no applications for agricultural efficiency
have been available thus far to the best of our knowledge. Environ-
mental production technology is assumed to represent agricultural ac-
tivity. The prop: allows for a ranking of the EU
Member States in terms of the performance of their agricultural sectors.
The data on economic activity and energy-related greenhouse gas (GHG)
emissions are considered.

The paper proceeds as follows: Section 2 presents the methods used
for the analysis, Section 3 presents the application of the proposed
approach for the agricultural sectors of the EU Member States, and
Section 4 concludes the study.

2. Methods

This research relies on the conventional measures of efficiency and
the contribution index to structural efficiency. In the latter case, radial
DEA is applied for the modified set of DMUs (i.e., production plans). The

of effici ggregation of the DMUs, and calculation of the
contribution index are d&ccnbed in this section.

2.1. Production technology and efficiency

This paper focuses on both the economic and environmental out-
comes of agricultural production. Therefore, environmental production
technology (EPT) is used for the analysis. The production technology is
then defined as:

h blished in Eq. (2). In this case, one may choose the di-
rection (i.e., inputs, desirable outputs, undesirable outputs) that should
be followed when adjusting the observed production plan to approach
the production frontier. Note that the points on the production frontier
operate at full efficiency.

Let us consider an arbitrarily chosen DMU K €k = 1,2,...,K. We
consider two cases of efficiency measurement. First, we apply output-
oriented directional DEA (Cheng and Zervopoulos, 2014):

P =

g (Xﬁx,/yk, + Z.ﬁm/’a )

K
50 Aze Sxypi=1,2,..0
=
x 3
S A 2 vy + Bgi=120,J,
=1
x
z:,b& =by, - Pgnl=12,...,.L
=1

A20k=1,

where py € (0,1] is the efficiency score for a certain DMU k . The effi-
ciency score of unity indicates full efficiency, and it decreases with
increasing inefficiency. In our paper, we use the proportional output
DDFand set (g;,2) = (Yg;be)),J =1,2,....J,and[ =1,2,... L. In general,
we seek to contract the undesirable outputs along with an increase in the
desirable outputs. In our case, it corresponds to increasing agricultural
output alongside a decline in energy-related GHG emissions in the
agricultural sectors.

The ranking of the EU Member States with respect to the perfor-
mance of their agricultural seetors requires certain adjustments since
many countries could be attributed with full efficiency due to the
number of input/output variables and sample sizes. To test the possi-
bility of ranking based on the super efficiency DEA, we also apply the
super efficiency version of Eq. (3):
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=1
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This equation implies that efficient observations are excluded from the
reference set. Therefore, the score becomes v lLe.,
P € (0, + eo). In particular, the efficient DMUs will be given efficiency
scores higher than unity, indicating the degree to which their desirable
output production (resp. undesirable output generation) can be con-
tracted (resp. expanded) to reach the efficiency frontier based on the
originally inefficient observations.

2.2. Aggregate technology and contribution to structural efficiency

To assess the performance of the EU Member States’ agriculture and
ensure complete rankings, we suggest applying the contribution index
approach (Zhu et al., 2019). Specifically, we construet different com-
binations of DMUs to check the possible galns in efficiency by adding a
DMU under ideration to these

Let there be set T? comprising K DMUs. These DMUs can be further
aggregated into arbitrary observations £(A) or aggregate DMUs, where A
is a subset of T?, i.e., A C T°. Therefore, a certain aggregate DMU is
defined as

£A) = (Zx. om 2"*) 3 (5)

A wEA

For technology involving K DMUs, there are 2¥ — 1 possible instances of
A (excluding the empty set). To calculate the average contribution to the
aggregate efficiency, one considers all of the possible instances of A and
the resulting aggregate DMUs:

TE = {{A)AC T} )

The DEA model given in Eq. (3) is then implemented for a certain DMU
K €k=1,2,..,Kwith T} ={£(A)|A C T°\K'} serving as the reference
set. Thus, one must solve 25! — 1 problems for each DMU to compute
the average contribution to structural efficiency. Specifically, Zhu et al.
(2019) proposed the following average contribution index:

1
g S
PIAUK)

scrimaze PA)

@)

where p{-) is the efficiency score for the aggregate DMU including or
excluding DMU k' based on Eq. (3). I > 1 indicates that DMU k' posi-
tively contributes to the structural efficiency. The values less than unity
indicate that the production plan observed for DMU k' does not improve
structural efficiency. In our case, we can identify the countries that use
the inputs in the most productive manner ensure less intensive envi-
ronmental pollution due to energy consumption.
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3. Results
3.1. Data

We apply the data for EU agriculture at the country level, allowing us
to identify the differences in agricultural sustainability and its dynamics
across different countries and times. In this research, we do not include
some South European countries due to differences in the output struc-
ture (some countries are also excluded due to data availability). The
time period covered is 1995-2016. While the choice of the time span is
less restricted from the viewpoint of the old EU Member States, there
have been certain considerations regarding the new EU Member States.
Specifically, the Central and Eastern European (CEE) countries faced
postcommumsl tmnsformauuns in the early 1990s. As a result, the

ltural sector saw il d volatility of the output level due to
abandonment of the backward capacity and the switch from collective to
family farming. In addition, data accuracy deteriorated during the
transformations. Therefore, we assume that the choice of 1995 as the
beginning point allows for a more reasonable analysis in light of the
socioeconomic transformations pertinent to the EU countries. The end
point of the time span is restricted by the data for the base year of 2005.

The desirable output is the total agricultural output. It is measured in
Purchasing Power Standards (PPS) based on the constant prices of 2010.
The undesirable output is the energy-related GHG emissions (in tons of
€O equivalent). Thus, we relate ic activity to the
pressures induced by the energy mix applied in the agricultural sector.
This point is important in the sense that the EU CAP and country-specific
measures are implemented to manage climate change and sustainable
energy development. The inputs include:

» Agricultural land area (hectares);

» Labor input (annual work units equal to 2036 working hours);
» Fixed capital consumption (PPS); and

« Final energy consumption (metric tons oil equivalent).

The data come from the Eurostat database (Eurostat, 2020), pri-
marily from the energy balance and agricultural statistics.

3.2. Efficiency and contribution index

The performance of the EU agricultural sector is analyzed at the
country level within each year. Therefore, the production frontiers are
established for each time period. Conventional efficiency measures are
first applied to assess the degree of efficiency in EU Member States. The
results for the output-oriented DEA model (radial measurement) in the
assumption of constant return to scale (CRS) are provided in Table 1.
These efficiency scores are obtained via Eq. (3) by setting (g;.&) = (¥y;,
byy)- As one can note the objective functmn in Eq. (3) contains the §
variables i ffici along the d set by vector gin the
denominator. In the case of full efficiency, # = 0; thus, the efficiency
score equals unity. In the present setting, the efficiency score represents
the factor by which the output (both desirable and undesirable) should
be adjusted (toward different directions).

As one can note, seven countries appeared fully efficient during
1995, and this number increased to 11 in 2005. Five countries remained
fully efficient in 2016. Countries showing full efficiency throughout
1995-2016 (based on the CRS DEA) include Bulgaria, Denmark, France,
the Netherlands, Romania, Slovakia and Slovenia. Therefore, both

ped and tr: | economy fall within
this group. These results suggest that the countries cannot be ranked
without ties in the ranking. Therefore, the use of the radial DEA model
does not allow us to fully rank the agricultural sectors in the EU.

The lowest efficiency scores are observed for Finland, Latvia and
Sweden. This outcome implies that these countries should substantially
increase their agricultural production and decrease their energy-related
GHG emissions. The average efficiency scores for these countries
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Table 1
Efficiency scores for the EU Member States’ agricultural sectors (CRS DEA),
1995-2016.

Country 1995 2000 2005 2010 2016 Average Trend
Austria 0.89 0.89 0.90 095 095 091 0.005
Belgium 081 100 100 100 100 097 0.007
Bulgaria 100 100 100 100 100 100 0.000
Czech Republic  0.93 0.94 1.00 0.96 094 0.97 0.001
Denmark 100 100 100 100 100 100 0,000
Estonia 0.85 1.00 0.96 0.87 073 0.90 ~0.003
Finland 069 067 070 071 068 069 0.002
France 1.00 1.00 1.00 1.00 093 1.00 —0.001
Hungary 08 088 096 081 097 089 0.003
Latvia 062 064 064 070 100 072 008
Lithuania 073 100 1.00 1.00 100 0.96 0.009
Netherlands 100 100 100 100 100 100 0.000
Poland 0.68 0.66 1.00 1.00 1.00 0.84 0.022
Romania 100 100 100 100 100 LOO 0.000
Slovakia 100 100 100 100 100 100 0,000
Slovenia 1.00 1.00 1.00 1.00 1.00 100 0.000
Sweden 071 072 073 072 100 077 0013
Average 0.87 091 0.93 093 095 0.92 0.004
#of efficient 7 1 101 5

Note: “# of efficient” refers to the numbers of fully efficient DMUs. There are 22
time periods in total. Trend represents the slope coefficient of a linear model p,
=a+ bt

fluctuate between 0.69 and 0.77, indicating that a 30% change in the
outputs is needed to approach the frontier.

Regarding the dynamics of the efficiency scores, the overall average
shows a slightly upward trend (0.004 per year). Al of the countries show
nonnegative trends, with the exceptions of Estonia and France. These
two countries saw certain d in 1
during 1995-2016. Latvia, Poland and Sweden show the highest rates of
change in the efficiency scores, suggesting that these countries managed
to improve agricultural productivity along with a reduction in energy-
related GHG emissions relative to the other EU countries Fiz. 1. pre-
sents the dynamics in the average efficiency scores. Obviously, the use of
the super efficiency DEA causes spikes in the average trend as

Technological Forecasting & Social Change 178 (2022) 121590

the EU Member States (Table 2). The efficient observations are either
attributed to scores indicating super efficiency (in the output-oriented
case, these scores indicate that a decline in desirable output and an
expansion in undesirable output are possible while remaining on the
frontier) or infeasibility (implying that an observation cannot be pro-
jected onto the resulting frontier in the cutput direction). The cases of
such infeasibilities are represented by blank cells in Table 2.

As mentioned in the Introduction, the use of super efficiency DEA
does not fully resolve the problem of incomplete ranking. In our case, we
still have five to eight countries for which the super efficiency model
does not yield feasible scores, The sup observations
(e.g., Bulgaria, Romania, Denmark, France) are compared to different

Table 2.
Efficiency scores for the EU Member States’ agricultural sectors (CRS super ef-
ficiency), 1995-2016.

Country 1995 2000 2005 2010 2016 Average Trend
Austria 089 0.89 090 095 095 091 0.005
Belgium 0.81 0.93

i 1.80 1.80
CeechRepublie 093 094 101 096 094 098 0.001
Denmark 102 114 105
Estonia 085 101 0.96 087 073 0.88
Finland 0690 0.67 070 071 068 069 0.002
France 093 108
Hungary 086 0.88 096 084 097 089 0.003
Latvia 062 064 064 070 101 0.71
Lithuania 073 113 121 101 103 102 0.012
Netherlands
Poland 068 0.66 0.68
Romania 113 256
Slovakia 133 105 108 136 123
Slovenia
Sweden 0.71 072 073 072 072
Average 085 0.86 091 086 105 097 0.011
# of infeasible 5 7 8 8 6 2
#of 2 3 3 2 5 6

Note: “# of infeas.” and “# of superefficient” refer to the numbers of in-

infeasible solutions occur.
Next, we test the output-oriented super efficiency DEA for ranking

in super y DEA and super efficiency scores greater than 1,
respectively. There are 22 time periods in wwl Empty cells indicatre
infeasibilities.

—
(=)

wpsDEA  =f=Super efficiency DEA

I

Average efficiency score

1995
1996
1997
1998
1999
2000
2001
2002
2003

2004

2005
2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016

Fig. 1. Average efficiency scores rendered by DEA and super efficiency DEA.
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frontiers, and the efficiency scores are not transitive. Countries such as
the Netherlands and Slovenia face infeasibilities for the whole period
covered, and one cannot obtain meaningful results for them at all.

The trend for the average super efficiency DEA scores also indicates a
slight increase in efficiency. However, both conventional DEA and super
efficiency DEA do not allow for complete rankings. Therefore, we turn to
the contribution to the structural efficiency approach. As discussed
before, the ranking becomes problematic for fully efficient observations.
Accordingly, one can consider the two groups of observations, namely
efficient and inefficient observations. The contribution to the structural
efficiency index (as discussed in Section 2.2) also defines the two groups
of observations, namely those contributing to the increase in structural
efficiency (with index values exceeding unity) and those not contrib-
uting (index values less than or equal to unity). Therefore, we address
the three issues in what follows: how efficient and inefficient observa-
tions relate to the contribution to structural efficiency, what the dy-
namics for the average contribution to structural efficiency are, and
which countries perform the best in terms of efficiency and contribution
to structural efficiency.

The relationships among the groups of observations delineated by
the levels of efficiency and contribution to the structural efficiency can
show whether the efficient observations also contribute to structural
efficiency. Indeed, our empirical illustration contains a sample of EU
Member States with agricultural sectors differing in terms of scale and
input mix. In such a setting, the relationships between efficiency and
contribution to structural efficiency become rather complex Table 3.
shows the average efficiency levels for different groups of observations.
As one can note, the observations associated with positive contributions

1 offici fFici

y are associated with an averag score of

0.99. Regarding the inefficient observations falling within this group,

the average efficiency score is 0.94. Turning to the group of observations

with a negative contribution to the aggregate efficiency (ie., the

contribution index is equal to or less than unity), the average efficiency

scores are lower. Therefore, one can note a link between technical
) and to structural

The distribution of observations in terms of efficiency and contri-
butions to structural efficiency is shown in Table 4, indicating once
again that efficient observations tend to positively contribute to aggre-
gate re often than ones. Specifically, the share of
efficient observations with an average contribution index exceeding
unity is 65%, whereas the cor ding share for i observa-
tions is only 35%.

The dynamics in the average contribution to structural efficiency
indicate how efficient and inefficient observations can ensure better
resource allocation. Of course, these calculations are highly theoretical
given that the actual reallocation of resources across the countries
c dered would be ly cumb dless, one can track
the trends in the possible i in structural effici
changes in the input-mix and scale of operation within different coun-
tries. The trends of the average contribution to structural efficiency
depicted in Fig. 2 suggest that there has been a decline in the average
contribution to structural inefficiency (considering the mean value for
the sample of countries within each time period). The efficient and
inefficient countries tended to converge in their contributions to struc-
tural efficiency. This finding indicates that the input-mix has become
more similar across the countries analyzed. The period following the

due to

Technological Forecasting & Social Change 178 (2022) 121590

Table 4
i of the ob sectors of the EU Member States)
across efficiency levels and to the i
Contribution Inefficiency Total
Inefficient Efficient
Absolute frequencies
E<1 144 75 219
gE>1 16 139 155
Total 160 214 374
Relative frequencies
£=<1 90% 35% 59%
g1 10% 65% 4%
Total 100% 100% 100%

accession of the new EU Member States in 2004 marks a particularly
steep decline in the differences between the efficient and inefficient
countries (as measured by the average contribution to structural effi-
ciency). Therefore, the expansion of the EU and implementation of the
CAP, along with support payments, might be related to increasing
convergence among the Member States, yet the overall average contri-
bution to structural efficiency tended to decline.

The country-specific analysis of average efficiency and contribution
to structural efficiency is presented in Table 5. The countries can be
ranked regarding their performance with respect to the conventional
DEA model. Since the efficiency scores do not allow for a complete
ranking, contribution to structural efficiency is also considered. Thus,
the countries are ranked in terms of the efficiency scores in the first
stage. Then, in the case of ties for the efficient countries, the average
contribution to the structural efficiency is applied. Therefore, a complete
ranking is possible.

Five countries (Romania, the Netherlands, Bulgaria, Slovakia, and
Slovenia) are fully efficient, and the contribution to structural efficiency
becomes the ranking criterion in this instance. The efficient countries
show average contributions to structural efficiency ranging between
slightly greater than 1 for Slovenia and just 1.02 for Romania. In this
ranking, Romania appears to be the best.performing country, obviously
related to envi 1 (s T d by energy-related
GHG emissions) since Eastern European countries do not show the
highest agricultural productivity. The results in Table 5 suggest that,
although countries can be ranked in terms of the two measures of effi-
ciency, some differences between adjacent ranks are rather insignificant.
For instance, Rs ia and the Netherlands show close-te diffe
in the average contribution to structural efficiency.

It can be noted that most of the efficient countries show high levels of
infeasibilities in the super efficiency DEA. Therefore, these countries
show somewhat distinctive patterns of input-mix and production scale
that place them outside the production plans of the other countries. The
analysis performed indicates that the measures of the contribution to
structural efficiency could improve the ranking of the DMUs in the
presence of heterogeneity in the input mix.

The results of the DEA-based ranking can be compared to the earlier

with some r: i the different input/output
sets, time frames and methods applied. For instance, Bartova er al.
(2018) noted that the Netherlands and Denmark achieved the highest
agricultural efficiency levels in 2006-2015. These results are also
corroborated in the present study. A the worst per
of Finland is confirmed Vlontzos et al. (2014), also noted that Denmark
and the Netherlands show full efficiency. However, the latter study

Table 3 o et e included the gross nutrient balance as an undesirable output. In general,
T;::::j“s:ﬁ“_“" ¥ 108 Evevne " models with larger numbers of inputs and outputs are likely to generate
s bithaiacs. higher scores due to the nature of DEA.

Contribution Inefficiency Average

Inefficient Efficient
4, Conel

<1 0.80 1 0.87

E>1 0.94 - 0.9 In this paper, we ranked the EU Member States in terms of their

Average 0.81 5 0.92 agricultural  sectors’  performance. Environmental production
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Fig. 2. The average index of contribution to structural efficiency for efficient and inefficient observations.

Table 5

The average y and to the y for the EU

Member States, averages for 1995-2016.
Country Averagelf,  Average  #  #of #of Final

DEA of  infeas. positive  ranking
eff. contrib.
Romania 1.023149 1 2 12 2 1
Netherlands 1.02307 1 2 22 18 2
Bulgaria 1.011594 1 22 21 2 3
Slovakia 1001755 1 2 6 18 4
Slovenia 1.000281 1 22 2 12 5
Denmark 0997418 099808 20 12 3 6
France 1.070929 0997029 21 18 21 7
Czech 0.998272 0970281 7 0 5 8
Republic

Belgium 1.007048 0.969351 18 16 19 9
Lithuania 0995032 0956802 16 0 4 10
Austria 0.997139 0914025 © 0 3 n
Estonia 0.996926 0.898644 5 4 o 12
Hungary 0.999253 0886912 0 0 8 13
Poland 0.914115 0841534 11 1 o 14
Sweden 0981677 077143 4 4 o 15
Latvia 0.99011 0722572 2 1 o 16
Finland 0982399 0687002 0O 12 o 17

Note: “# of eff.”, “# of infeas.” and “# of positive contrib.” refer to the numbers
of time periods during which a certain couniry showed full efficfency, infeasi-
bility in super efficiency DEA and positi I

respectively. There are 22 time periods in total.

technology was cons[dered Therefore, energy-related environmental

were us to identify the best- and worst-
performing agricultural sectors in the EU. The three approaches were
applied for the ranking: the | DEA, super DEA and
the contribution index. The last measure is relatively new and allows us
to assess the average contribution by each country to structural effi-
ciency. The aggregate observations are established in a combinatorial
manner with the DEA model solved in each instance.

The empirical results indicate an overall increase in the environ-
mental performance of the EU Member States during 1995-2016. The
agricultural performance of Bulgaria, Denmark, France, the
Netherlands, Romania, Slovakia and Slovenia, as measured by the
conventional DEA, approached the frontier. Therefore, these countries

could not be ranked based on the conventional DEA model. The appli-
cation of super efficiency DEA still did not allow for a complete ranking.
Countries such as the Netherlands and Slovenia could not be given super
efficiency scores due to infeasibilities, indicating that these countries
show particular input-output mixes that are not directly comparable to
those for the other countries.

Finally, application of the contribution index allowed for the com-
plete ranking of the countries. Romania, the Netherlands, Bulgaria,
Slovakia and Slovenia were ranked as the best-performing countries (in
that order) based on their contributions to structural efficiency. Notably,
France and Belgium showed positive contributions to structural effi-
ciency, although they were not classified as efficient countries. There-
fore, cooperation with these countries would allow other counmes to
exploit their agricultural inamore ductive and
manner.

The results indicate that both the new and old EU Member States
appeared to be the best-performing ones. However, among the five
countries that are fully efficient according to the conventional DEA
model, there are four countries that entered the EU in 2004. Thus,

with lower levels (including
agricultural ity) can be efficient due to less
intensive agricultural production and lated GHG In
this regard, benchmarking is helpful in ling the possibil for

agricultural restructuring at the macro-level.

Further research could aim to analyze the contributions to structural
efficiency by considering operation at full efficiency. This approach
would allow us to further investigate the possible patterns of resource
reallocation. Additionally, the present paper is limited in the time period
covered. Further research is needed to assess the dynamics in the effi-
cieney of the EU countries by applying extended datasets.
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Abstract

The European Green Deal and similar strategies seek to improve sustainability of the
agricultural sector via public support programmes. It is important to assess the costs
of sustainable energy use in agriculture by exploiting the shadow price approach.
However, the earlier literature often ignored the fact that shadow price analysis may
be sensitive to the assumed direction of optimization. This paper seeks to disen-
tangle the major patterns in energy-related greenhouse gas (GHG) emission perfor-
mance in the selected European Union countries by assuming different optimization
directions. The country-level data are used to construct the environmental produc-
tion technology by means of the data envelopment analysis. The different directional
output distance functions (aggregate, unit and radial) for the weak disposability data
envelopment analysis models are used to quantify the shadow prices of the energy-
relevant GHG emission and construct the marginal abatement cost curves. The
results indicate spatial and temporal variation in the environmental performance that
can be addressed by adjusting the support programmes.
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1 Introduction

The creation of the zero-carbon economy has been stressed as an objective of the
economic development policies across different regions (Flagg 2015). The inte-
grated assessment models have been established to assess the drivers of decar-
bonization (Vuuren et al. 2016). These objectives have also been reflected in the
strategic documents globally. Recently, such initiatives as Glasgow Agreement
have stressed the importance of the climate change mitigation.

Strategy Europe 2020 suggested improving energy efficiency and reducing
greenhouse gas (GHG) emission (European Commission 2011). The objectives
related to the climate-neutral economy have been stressed by European Commis-
sion (2018). This implies even stronger commitment to reduce the GHG emis-
sion and other environmental pressures related to productive activities in the EU.
Recently, the European Green Deal of the European Union (European Commis-
sion 2019) has envisaged such objectives as curbing GHG emission and decou-
pling economic growth from resource use.

The goals of the climate-neutral and zero-carbon economy can be achieved via
modernization of the energy supply (energy-mix changes), improvement of the tech-
nologies (carbon factor changes) and energy efficiency, among other measures. The
manifestations of the strategies and measures aimed at creation of the zero-carbon
economy are present in the literature. Jacobson et al. (2019) stressed the need for
adaptation of the energy structure to the objectives of the Green Deal policy. Jetoo
(2019) discussed the involvement of stakeholders into the governance frameworks in
order to address the climate change concerns. Wood et al. (2020) looked at the con-
sumption- and production-based carbon footprints of the EU economy.

The agricultural sector is an important consumer of energy that also relates to
the food security. Thus, the energy-economy-environment-food nexus appears as
a framework for analysis of agricultural performance. Given the food security and
rural development objectives, the public support is often allocated to agriculture. In
the case of the European Union (EU), such support is distributed under the Common
Agricultural Policy (CAP). The CAP comprises a number of measures that can be
used to impact the structure and volume of agricultural production. Also, the rural
development measures can contribute to adjustment of the energy-mix and adop-
tion of the energy-saving technologies. Therefore, the public support can affect the
energy efficiency and environmental pressures. This research focuses on the envi-
ronmental efficiency of the EU Member States agriculture.

The environmental performance of agricultural sector has attracted attention
across different countries and from different perspectives. Ball et al. (2002, 2004)
discussed the environmental performance index and productivity growth in the
context of the US agriculture. Fiire et al. (2006) assessed the performance of the
US agriculture by calculating the net revenue based on the market prices for the
desirable agricultural output and shadow prices for the undesirable ones (water
contamination indices). The quadratic output distance was applied to approxi-
mate the underlying technology. Tang et al. (2020) applied the quadratic direc-
tional distance function for Chinese agricultural sector with regards to different
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directional vectors. Tang et al. (2021) used the quadratic distance function to esti-
mate the shadow price of GHG emission in the Australian farms. Latruffe et al.
(2013) looked into environmental efficiency of Hungarian pig farming. Similarly,
Ait Sidhourn et al. (2020) measured farm sustainability based on the non-par-
ametric approach. Dakpo et al. (2019) applied the non-parametric approach to
measure productivity growth at the farm level with undesirable outputs included.
Thus, the environmental efficiency can be measured at the aggregate and farm
level. This choice is often based on the data availability. This paper proceeds with
the aggregate data for the EU countries for the same reason.

The environmental production technology is the key concept in modelling the
energy-economy-environment nexus. It includes the undesirable outputs besides
the desirable ones. The greenhouse gas (GHG) emission can be included as an
undesirable output to represent the climate change potential rendered by the pro-
duction process. The trade-off between the prices of the desirable and undesirable
outputs is the shadow pollution cost (Wu et al. 2021b). In case the GHG emis-
sion, its shadow price indicates the potential for reduction. The environmental
production technologies can be approximated parametrically or nonparametri-
cally. The stochastic parametric estimation is found in Pittman (1981), Reinhard
et al. (1999) or Cuesta et al. (2009). The deterministic parametric approach was
discussed by Fire et al. (2006). The latter approach requires specification of the
functional form of a representation of the technology (usually, translog or quad-
ratic functions are used). The nonparametric estimation relies on the piece-wise
linear technology. It is appealing in that a number of economic axioms can be
imposed on such technologies without serious computational burden. The non-
parametric environmental production technologies can be defined following Hailu
and Veeman (2001), Fire and Grosskopf (2003) or Murty et al. (2012). In this
paper, we follow the nonparametric estimation.

The directional DEA models and distance functions were developed by Cham-
bers et al. (1996, 1998) mimicking the benefit functions. Chung et al. (1997)
adapted the directional DEA to the case of the environmental production technol-
ogy. The directional DEA can measure the efficiency of decision making units
towards different directions. As noted by Fire et al. (2008), the directions can
be observation-specific or common to the whole sample. There have been differ-
ent approaches towards endogenously setting the directions in the DEA proposed.
Fiire et al. (2013) and Hampf and Kriiger (2015) proposed maximizing the dis-
tance to the frontier through adjustment of the directional vector. Petersen (2018)
suggested minimizing the Euclidean distance to the frontier when adjusting the
directional vector. Wu et al. (2021a) surveyed these approaches and argued that
the approach by Petersen (2018) is more reasonable from the economic view-
point. In this paper, we seek to ascertain the effects of using the different direc-
tions on the GHG emission shadow prices.

This paper adopts the weak disposability model proposed by Kuosmanen
(2005) that assumes observation-specific abatement factors in the environmental
production technology. The different directions for optimization are assumed to
obtain the shadow prices of the energy-related GHG emission in the EU agricul-
ture. The country-level data are used for the analysis. The analysis of the shadow
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prices allows identifying the directions of movement towards the carbon—neutral
(and, eventually, climate-smart) agriculture.

The paper proceeds as follows. Section 2 focuses on the methodological issues
and presents the DEA models applied in this study. The data used are described
in Sect. 3. Then, Sect. 4 presents the results (shadow prices, abatement burden
and marginal abatement cost curves). Finally, Sect. 5 concludes.

2 Methods

The environmental production technology involves the environmental pres-
sures along with inputs and outputs (as represented by the conventional produc-
tion technology). In our case, we seek to take the energy-related GHG emission
into account and assign it with the shadow price. The modelling of the environ-
mentally-sensitive production involves additional assumptions in regards to the
relationships among the desirable and undesirable outputs. The transformation
approach (Seiford and Zhu 2002), strong disposability (Hailu and Veeman 2001),
weak disposability (Fire and Grosskopf 2003), multi-output technology structure
(Cherchye et al. 2015), G-disposability (Redseth 2017), or by-production technol-
ogy (Murty et al. 2012). One can further consult Dakpo et al. (2016) for more
examples of the studies dealing with undesirable outputs in the context of DEA.
More specifically, Zhang and Choi (2014) presented a survey of applications of
the directional distance functions (based on DEA and other approaches) for meas-
urement of the environmental efficiency and shadow prices.

The weak disposability technology is among the most often applied ones on
the empirical research due to its operationality (however, it does not satisfy the
materials balance condition, cf. Forsund 2009). Essentially, it assumes that the
desirable and undesirable outputs are weakly disposable, i.e., the production pos-
sibility set is defined by allowing the scaling down of the undesirable and desir-
able outputs by the same factor. The preliminaries for this technology were dis-
cussed by Fire and Grosskopf (2003). Later on, Kuosmanen (2005) proposed a
more general setting allowing for observation-specific abatement factor linking
the quantities of the desirable and undesirable outputs. In this paper, we use the
Kuosmanen’s model to assess the shadow prices of the energy-related GHG emis-
sion in the EU agriculture.

The environmental production technology is formally defined as a set comprising
input quantities x = (x],xz, ,xN), desirable output quantities y = (y],yz, ,yM)

and undesirable output quantities z = (z], o Peei 4 J). The production possibilities
given by a certain environmental technology are then defined as
T = {(x,y,2) : x can produce (y,z)} [¢))]

This technology can be represented by input and output isoquants (besides
possible dual representations).

The notion in Eq. (1) can be operationalized in a non-parametric way by using
the activity analysis framework. Let there be K decision making units (DMUs)
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that represent countries in our case and let index k=1,2,...,K keep track of
these DMUs. The weights, £, are assigned to the DMUs. The DMU-specific
abatement factors , are used to ensure the weak disposability of the desirable
and undesirable outputs. Then, the variable returns to scale DEA technology
given by Kuosmanen (2005) takes the following form:

K K K
Z Gl =y Z S% X, Z Oz, =2,
G i k;l k=1 k=1 @
Y h=1 500l < b=, K
k=1

Then, the DEA-based technology in Eq. (2) is linearized by assigning weights 4, and
o, to the DMUs so that & = A, + ;. The two types of the intensity weights allow for
the variable abatement factor and ensure linearity of the model. The intensity variables
Ay are assigned to the “active’ DMUs that have non-zero input—output quantities (i.e.,
the observed data), whereas intensity variables o, are assigned to ‘inactive’ DMUS
(i.e., artificial DMUs that contain observed input quantities and zero outputs). Thus, the
netputs can be adjusted to generate the Kuosmanen (2005) weak disposability environ-
mental production technology. In addition, we impose the non-negative shadow prices
by modifying the constraint for the undesirable outputs in lines with Leleu (2013).
Thus, the linearized technology is formally re-defined as:

K K K
DAy zy X (h+a)x <x, Y Az <z
i,‘-. . (X,_)’, Z) . k;l k=1 k=1 (3)

(h+6)=1 A0, 20k=1,..K
k=1

The directional output distance function (Fiire et al. 2006) can be adapted to the case
of the environmental production technology. By setting the direction, one can assume
the trade-offs among the outputs (including desirable and undesirable ones) in the opti-
mization. Note that optimization implies adjustment of the output quantities so that a
certain DMU operates on the efficiency frontier (output isoquant). The directional out-
put distance function in general case is given as:

D(x,y,z;g_y,gz) = max {5 i (x,y+ ogy.z— ‘ng) € T}, )

where g = (gy, gz) is the directional vector encompassing directions for optimization
of desirable and undesirable outputs. The zero value of D(-;-) implies full efficiency
and positive values imply inefficiency.

Note that the directional output distance function in Eq. (4) can be plugged into T
given by Eqg. (3). This renders the ‘estimator’ of the directional output distance for a
certain DMU k' under the weak disposability technology defined by Kuosmanen (2005)
and modified per Leleu (2013):
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DGxy, Yoo 8,08,) = maxd

s.t.

K
Zlkyi"zyi':+63’;',m= LM

Z(Jk +o)x £xf,n=1,.

=1 (5)
K
Y hd <2, —oghi=1,d
k=1
K
Y Gy+a)=1
k=1
A0, 20k=1,...K
The dual program for Eq. (5) is then given as:
M N 7 )
Dy. ye- 23 8p8) = min 6 (Z DYDY ”%)
Fya Ty vilg 1T m=1 n=1 J=1
s.t.
M J
X E ! Z wd < k=1,
m=1 n=1 1
N
- A< hk=1,..K ©)
n=1
M 7
Y+ Y, alel =1
m=1 =t

!l.':" >0m=1,..M
ar20,n=1,..,N
w20j=1...J
Note that the shadow values associated with the inputs are not restricted in Eq. (6).!
'l;fhus, Leleu (2013) further modified the second restriction in Eq. (5) by setting

YA+ o )x} <xj,n=1,...N. This renders an additional constraint in Eq. (6) that
k=1

! An anonymous referee points out that one could find possible ranges for the shadow prices
for inputs and outputs using an O}JHITIH] solution, D*, by adding an additional constraint
Dx=¢— E:_l E e D I o Y zzi to Eq. (6). In our case, such an exit did not render dif-
ferent results.
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imposes non-negativity of the shadow values assigned to the inputs, ie., z] >0,
n = 1,...,N. In this way, the undesirable outputs are treated in a similar manner to the
inputs with difference in the associated intensity variables.

The shadow values in the multiplier program (Eq. 6) can be used to calculate the
shadow prices of the undesirable outputs. The following ratio yields the relative shadow
price of the j-th undesirable output:

CsP= 0

Al

The shadow prices of undesirable outputs provide information in regards to the
efforts needed for abatement (i.e., marginal abatement costs). This information is useful
for analyzing the possibilities for improving the environmental quality given the exist-
ing technology.

The directional vector, g, in Eq. (4) governs the direction of movement towards the
efficiency frontier. The direction depends on the assumptions on the trade-offs among
the outputs. This paper deals with the performance of the EU agricultural sectors. Thus,
we assume that the EU countries can follow individual paths towards the efficiency
frontier or follow a unified scheme. These assumptions are imposed through adjustment
of the directional vector.

The four cases of the directional vectors are tested. First, the observed output quanti-
ties are used for each country. In this case, the proportional distance is obtained:

(8,.8)=02) (8)

Second, the unit vectors are used for the optimization which implies equal impor-
tance of the outputs:

(&) =1(L1 ©)

Third, the aggregate output quantities are used as the direction. The latter set-
ting implies that all the countries face the same direction of movement towards the
efficiency frontier and this direction is dependent on the overall output levels and
proportions:

K K
(,8)= (E i zk) (10)
k=1 k=1

Equivalently, one may choose using the average output quantities as the direc-
tional vector for the directional output distance function. This is a scaled version of
the aggregate directional vector discussed above:

K K
1 1
(2B )=l =iy ez 11
¥ (K; ;‘K'; k) ( )

In any instance, the elements of the directional vectors are non-negative which
implies that the desirable outputs are expanded, whereas the undesirable ones are
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contracted while moving along the directional vector. In this regard, we unify the
objectives of food security and environmental sustainability. As the projection on
the efficiency frontier depends on the direction chosen, the different shadow prices
may be obtained.

3 Data

This paper assesses the shadow prices of the energy-related GHG emission in the
European agriculture. The environmental production technology is approximated in
order to gauge the shadow prices. As discussed in the preceding section, the agricul-
tural inputs are used to produce the desirable and undesirable outputs. This frame-
work is adapted to the case of the EU agriculture by incorporating labour (in Annual
Work Units), land area (hectares), intermediate consumption (PPS of 2010, less
energy expenses) and energy (tonnes of oil equivalent) as the inputs. The desirable
output is the agricultural output (measured in PPS of 2010) and the undesirable out-
put is the energy-related GHG emissions (measured in tonnes of CO, equivalent).
Thus, the data are taken from the economic accounts for agriculture, environmental
accounts, agricultural statistics and energy balances provided by Eurostat. The data
cover years 1995-2017.

The data are described in Table 1 by providing the country averages and growth
rates for each variable. The data indicate that agricultural output tended to increase
by 0.9% per year on average for the selected countries. The only cases with negative
growth rates were Bulgaria and Greece. Input use followed declining trends in most
cases with exception for the intermediate consumption. Indeed, 9 out of the 23 coun-
tries analyzed reported a decline in the intermediate consumption (excluding energy
expenses). Therefore, some countries managed to expand their agricultural output
even though the intermediate consumption went down. The energy input declined to
the greatest extent (for the selected countries, the average rate of decline was 4.6%
per year). Thus, the energy savings appears as the primal achievement of moderniza-
tion of the agricultural sector. The second steepest rate of decline is observed for the
labour input that declined in all of the analyzed countries. This is related to urbani-
zation that is observed globally and increasing automatization of agriculture.

In spite of the negative energy consumption growth rates observed in all the coun-
tries analyzed, there has been positive or zero trends observed for energy-related
GHG emission in some countries. This indicates that energy-mix of some countries
deteriorated in the sense of climate change mitigation objectives. Therefore, it is
important to identify the patterns of the energy-related GHG shadow prices in order
to ensure the effective policy making aimed at climate change mitigation.

The major variable of interest in this study is the GHG emission shadow price.
It is determined by the shape (particularly, slope) of the underlying output isoquant.
The emission shadow price can be related to the pollution intensity to construct the
marginal abatement cost curve. Thus, Fig. 1 presents the dynamics in the pollution
intensity (energy-related GHG emission per unit of agricultural output weighted by
the output share). The data suggest that the energy-related GHG emission intensity
declined in the selected EU countries by 1.7% per year on average.
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Fig.1 Dynamics in the energy-related GHG emission intensity in the selected EU countries, 1995-2017.
Note the mean value is based on the weighted average where the agricultural output shares are used as
country-specific weights

The spread of the intensity values also tended to decline over 1995-2017. Look-
ing at the minimum and maximum values for the sample renders two negative trends
that correspond to the development of the weighted mean. Specifically, the mini-
mum value of the energy-related GHG emission intensity went down to the lowest
extent (a 1% decline per year) if compared to the mean and maximum value (a 1.8%
decline per year). This combination indicates that the European agriculture saw at
least partial technological progress in regards to energy-saving and/or cleaner energy
that allowed achieving both reduction and increasing convergence in the sense of the
energy-related GHG intensity.

The weak disposability DEA model will be applied to quantify the shadow prices
at the country level. This allows identifying the economic cost of the abatement. The
country-level data provide possibility for international comparison and suggestions
for international coordination.

4 Results
4.1 Shadow prices of the energy-related GHG emission

The three models defined in Sect. 2 rendered the estimates of the shadow prices for
energy-related GHG emission in the European agriculture. The aggregate results are
provided in Fig. 2 that shows the trends for the aggregate, radial (output) and unit
DDFs. Note that the radial DDF varies across the observations and preserves the
observed output-mix (i.e., agricultural output and energy-related GHG emission),
whereas uniform directions are imposed otherwise.

The results suggest that no certain trends can be identified for the GHG emis-
sion shadow price (Fig. 2) even though a clear decline in the GHG emission inten-
sity is observed (Fig. 1). What is more, the differences among the shadow prices
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Fig.2 The mean shadow prices of the energy-related GHG emission in European agriculture, 1995—
2017. Note the mean value is based on the weighted average where the agricultural output shares are
used as country-specific weights

are substantial as the mean shadow price based on the unit DDF appear as more
than three times higher than those based on the radial DDF in 2004. In general, the
radial DDF showed the lowest level of the shadow price on average with a single
spike in 2007. The shadow price based on the unit DDF showed no spikes, yet it
returned the highest levels of the average shadow price. The aggregate DDF ren-
dered shadow price that kept fluctuating in between those based on the aforemen-
tioned two approaches.

As Ma et al. (2019) suggested, substantial variation exists among the estimates
of the carbon shadow prices rendered by different types of the distance functions.
Indeed, the shadow prices resulting from application of the more flexible DDFs of
non-radial nature are based on greater adjustments in the input- and/or output-mix
if opposed to the radial measures. Therefore, the shadow prices based on the radial
DDFs are lower than those based on the non-radial DDFs. Yet another circumstance
needs to be taken into account is that the present analysis comprises the country-
level agricultural production and emission data. Thus, all the production entities are
covered, both small and large ones. In this context, the shadow price of the energy-
related GHG emission is likely to be inflated if compared to the market-based car-
bon price that relates to the large producers only.

The country-specific analysis of the levels and dynamics of the energy-related
GHG emission in the European agriculture further proceeds in Table 2. The lowest
shadow price of the energy-related GHG emission is observed for Poland and Spain
irrespectively of the DDF applied. The highest shadow price is observed for Roma-
nia and Slovakia. Thus, countries with low shadow prices should put more efforts in
reducing the energy-related GHG emission in agriculture, whereas those with high
values have already achieved relatively high performance level in this regard.

The dynamics in the energy-related GHG emission shadow price also vary across
the countries. The rate of growth of the shadow prices is measured as the trend
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Table 2 The average shadow

c Aggregate DDF  Radial DDF Unit DDF
price (PPS of 2010/kg CO,eq)  —oUmTY EBEEE a N

and its trend (% per year) for the Average Trend Average Trend Average Trend

energy-related GHG emission

across the selected European Austria 24 01 23 00 24 00

countries, 1995-2017 Belgium 19 38 22 38 22 35
Bulgaria 3.1 22 27 14 335 1.8
Czechia 24 S 1 g —15 28 -0.8
Denmark 2.6 36 26 4.7 27 49
Estonia 45 —44 33 20 5.1 -30
Finland 0.7 40 12 10 20 0.8
France 3.6 08 38 -03 37 1.0
Greece 22 114 20 10.3 38 14.8
Hungary 3:5 =L 34 —-08 37 -0.8
Ireland 2.8 42 2.7 335 3.0 43
Ttaly 31 0.2 3.0 -29 24 —-22
Latvia 11 13.5 12 12.8 24 10.6
Lithuania 4.9 4.0 4.6 5.9 8.8 4.2
Netherlands 1.5 0.7 15 0.7 13 14
Poland 0.0 - 0.0 = 1.1 28
Portugal 22 =02 1.7 —-37 28 30
Romania 15.1 =49 57 0.5 35.0 0.8
Slovakia 7.3 —-81 51 20 8.2 —6.4
Slovenia 39 -01 41 4.0 49 1.1
Spain 0.2 -25 02 -41 04 -20
Sweden 0.7 —104 0.8 —9:5 15 -4.1
UK 2.6 33 26 34 26 2.8
Average 3.1 09 26 L5 4.6 1.7
Weighted av 2.0 05 19 -02 25 12

Trend is represented by the linear model coefficient normalized with
respect to the mean shadow price for 1995-2017; GHG emission
volume is used for weighting

coefficient of the linear model divided by the average shadow price for a certain
country. This gives a relative measure of the shadow price growth. As one can note,
Greece and Latvia show the highest rates of grow expressed in two-digit numbers.

For Greece, the energy-related GHG emission shadow price increased substan-
tially indicating transition towards cleaner energy and energy efficiency in agricul-
ture (the energy consumption in Greek agriculture went down from 1012 thousand
toe to 291 thousand toe in 1995-2017; see also the growth rates in Table 1). Lat-
via followed yet another path of agricultural development. As shown in Table 1,
its energy consumption and energy-related GHG emission increased throughout
1995-2017 (growth rates of 1.9% and 0.8% per year, respectively), yet the growth
in the agricultural output of 5.4% per year offset the increasing energy consumption
and resulted in an increasing GHG emission shadow price.
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Fig.3 The relative total abatement cost (weighted average) for 1995-2017. Note the volume of the
energy-related GHG emission is used to construct the weighting factors

The steepest decline in the energy-related GHG emission shadow price was
observed for Sweden (—4.1 to— 10.4% per year depending on the direction used).
This indicates a deteriorating environmental performance of the agricultural sector.
A deeper look into the results outlined in Table | suggests that this country experi-
enced a mild increase in the agricultural output (1% per year) and a decrease in the
energy-related GHG emission (— 1% per year). Note that the reported growth rates
are stochastic ones (i.e., random fluctuations are ignored). Estonia appeared as a
country with second-highest rates of decline (4.4% or 3% per year for the aggregate
and unit DDF and a 2% annual increase for the radial DDF). This can be explained
by an increasing energy use and GHG emission along with modest gains in the agri-
cultural output.

4.2 Relative total abatement cost

The relative total abatement cost is used to assess the potential economic pressure on
agricultural sector in the event the emission abatement costs are internalized. First,
the total abatement cost is obtained by multiplying the shadow price and the volume
of the energy-related GHG emission. Then, the total abatement cost is normalized
by the volume of agricultural output. Thus, the relative total abatement cost indi-
cates the share of the total agricultural output foregone in the case of the complete
abatement. The relative total abatement cost ensures comparability across space and
time. Note that inefficient countries face low shadow prices and, hence, low abate-
ment cost.

The weighted averages of the relative total abatement cost are constructed for
the group of the selected countries (Fig. 3). The three DDFs used for obtaining
the shadow prices show obviously different levels of the relative total abatement
cost: the unit DDF renders the highest shadow prices (Fig. 2) and, consequently,
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Table 3 The relative total

C A te DDF Radial DDF Unit DDF
abatement cost (factor) and iy, sgregd - o

its trend (p.p. per year) of the Average Trend Average Trend Average Trend

energy-related GHG emission

across the selected European Austria 045 —-0.7 045 -08 045 -0.8

countries, 1995-2017 Belgium  0.67 09 075 05 075 0.5
Bulgaria 025 -03 022 -05 022 -0.5
Czechia 0.60 —-24 0.6l -2.7 061 gz 5
Denmark 0.77 -03 073 0.7 073 0.7
Estonia 0.86 —-1.1 072 27 072 27
Finland 033 0.6 0.63 -0.6 063 -06
France 0.75 0.1 079 -08 079 -08
Greece 0.26 0.1 024 -0.1 024 —0.1
Hungary 0.43 —-14 041 -1.2 041 -12
Ireland 0.45 0.6 042 03 042 03
Ttaly 0.56 —06 0.57 -23 057 w2
Latvia 0.27 33 029 33 029 33
Lithuania 0.36 00 033 0.6 033 0.6
Netherlands 0.71 -03 071 -02 071 -0.2
Poland 0.00 0.0 000 0.0 0.00 0.0
Portugal 0.35 -04 0.27 —13 027 =3
Romania 0.50 —38 0.18 -04 0.18 —-04
Slovakia 0.67 —-17 061 28 061 2.8
Slovenia 0.79 —-08 0.81 26 081 2.6
Spain 0.06 —-02 006 -03 0.06 -03
Sweden 0.29 —3.1 034 —-34 034 -34
UK 0.60 1.1 0359 1.1 0359 1.1
Average 0.48 —05 047 0.0 047 0.0
Weighted av  0.43 -02 044 —-05 044 -05

Trend is represented by the linear model coefficient for 1995-2017;
GHG emission volume is used for weighting

the highest relative total abatement cost. All the trends are slightly downward
sloped indicating the relative economic pressure related to potential abatement of
the energy-related GHG emission declined over 1995-2017.

The country-specific relative total abatement costs (measured as share of the
agricultural output) are presented in Table 3. The ranking of countries based on
the GHG emission shadow price (Table 2) and that based on the relative total
abatement costs differs substantially (rank correlation ranges in between 0.09
and 0.54 depending on the distance used). This is due to the fact that the relative
total abatement cost involves not only the shadow price information, but also the
magnitude of the energy-related GHG emission. Thus, the countries with high
shadow prices and low volumes of the emission can face relatively low abatement
cost burden (relative to the agricultural output).
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The highest average relative abatement cost for energy-related GHG emission
are observed for Estonia, Slovenia, France, Belgium, Denmark and the Netherlands.
These countries include both minor and major agricultural producing countries of
the EU. Therefore, the commitments towards reduction of the energy-related GHG
emission may induce economic pressures of different extent across the selected
countries.

4.3 Marginal abatement cost curves

The marginal abatement cost (MAC) curves can be estimated in order to check the
emission intensity elasticity of the shadow prices (which is the MAC). Thus, we fit
the log—log models for the three types of the DDFs. The MAC curves for energy-
related GHG emission in the selected EU countries are presented in Fig. 3. The
results are highly dependent on the DDF used.

The MAC based on the unit DDF indicates an elastic responsiveness of the
shadow price to the emission intensity. Thus, a 1% reduction in the emission inten-
sity requires some 1.02% increase in the emission shadow price (Fig. 3c). As for the
radial DDF (Fig. 3b), the elasticity falls to 0.57 indicating that abatement becomes
less costly. The aggregate DDF implies an intermediate intensity estimate of 0.79.
The use of the radial DDF, thus, is more relevant for the short-run decision analysis
where the output-mix remains fixed.

The MACs provided in Fig. 4 provide a general overview of the behavior of the
shadow prices. As they are based on the pooled data, some nuances may be masked.
To further verify the results, we run a series of panel models that take into account
the spatial differences and intertemporal correlation. The fixed effects, random
effects and first-difference models are implemented (Tables 5, 6 and 7in Appendix
A). The fixed and random effects include two-way effects. The models are estimated
with and without lagged dependent variable (shadow price). In general, the panel
specifications confirm the inverse relationship between the carbon shadow price and
emission intensity. Also, the models vary in the degree of explanatory power (espe-
cially, in the case of the radial DDF). Still, the highest elasticity is observed for the
unit DDF case.

4.4 Robustness check

The solutions rendered by the linear programs for the DEA may not be unique.
Therefore, one can assess the regions in which the shadow prices vary. To address
this issue, we adopt additional directional vectors. Specifically, we set either the
desirable or undesirable output direction to zero in Egs. (8-11). This implies that
only the desirable output or undesirable output is adjusted during the optimiza-
tion (i.e., the oriented radial movement). As a result, we explore the two extreme
cases for each scenario. The DEA frontier ensures monotonicity. Thus, one may
naturally expect that adjusting only the desirable output will lead to a shadow
price that is at most equal to that obtained when both desirable and undesirable

@ Springer



AUTHOR’S PUBLICATIONS COLLECTION 141

Does the energy-related greenhouse gas emission abatement. ..

3

y=-0.792In(x) - 0.4745

27 RE=04317
=)
g
%
R_
0.5 0.6 0.7

[ & * o0
1 e o D\
i . » e b4 .

'S 4 ‘ *

L

2

% .
3

emission intensity

a — aggregate DDF

w

% y=-0566In(x) - 0.162
R2=0.2906

-3
emission intensity

b - radial DDF

Fig.4 Marginal abatement cost curves for a sample of the selected EU countries, 1995-2017. Note The
pooled data are used for fitting the curves. Emission intensity is measured in kg CO, eq/PPS
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Fig.4 (continued)

outputs are adjusted. The opposite holds if only the undesirable output is adjusted.
Figure 5 illustrates the underlying idea.

The average shadow prices of the energy-related GHG emission reported in
Table 2. Note that the measures reported in Table 2 correspond to the g_ >0,
8,> 0 case. Table 4 reports the country averages with the oriented radial move-
ment. Note that the oriented cases of the directional vector provide the lower and
upper bounds for the shadow prices. For shadow price calculation in this exercise,
the exact expression of the oriented directional vector is not important as the pre-
sent model includes only one undesirable and one desirable outputs. Thus, g, > 0
may be replaced by one or (aggregate) observed undesirable output quantity.

The results in Table 4 suggest that most sensitive to changes in the direction of
optimization are the extreme shadow prices. The case of Poland shows a change
from zero to 10.9 PPS/kg CO, eq. Romania shows a possible range of 2.9 PPS/kg

@ Springer



AUTHOR’S PUBLICATIONS COLLECTION 143

Does the energy-related greenhouse gas emission abatement. ..

g,>0,g,=0

(zo: vo)

()& 4
csp=

Fig.5 Directional vector and shadow price

CO, eq. to 35 PPS/kg CO, eq. The weighted mean indicates the lower and upper
bounds of 1.3 PPS/kg CO2 eq. and 4.5 PPS/kg COE eq., respectively. To com-
pare, the weighted averages based on the non-oriented measures fall within the
interval of 1.9-2 PPS/kg CO, eq. Therefore, the shadow prices based on the non-
oriented models rendered by Eqs. (8-11) can be considered as the realistic ones
compared to the pessimistic or optimistic results rendered by the oriented models.

5 Conclusions

Mitigation of the climate change requires coordinated actions across sectors of the
economy. This paper focused on the shadow pricing of the energy-related GHG
emission in the European countries. The country-level data were used to derive the
shadow prices and construct the marginal abatement cost curves.

The analysis relied on the nonparametric approach. The directional data envelop-
ment analysis models with different directional vectors were used. Specifically, the
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Table 4 The average shadow price (PPS of 2010/kg CO, eq.) for the energy-related GHG emission
across the selected European countries with different directional vectors and oriented radial movement,
1995-2017

Country Non-oriented models Oriented models

Aggregate DDF~ Radial DDF ~ UnitDDF  g.=0,g>0  g>0,g=0

Austria 24 23 24 22 2.5
Belgium 1.9 22 1.9 13 21
Bulgaria 31 27 3.1 18 5.3
Czechia 24 25 24 19 31
Denmark 2.6 2.6 2.6 L8 2.8
Estonia 4.5 33 4.5 22 5.1
Finland 0.7 1.2 0.7 0.2 32
France 3.6 38 3.6 27 37
Greece 22 20 25 11 39
Hungary &5 34 335 31 39
Ireland 28 217 2.8 24 3.1
Ttaly 31 30 3.0 21 2.5
Latvia 11 12 1.1 0.1 39
Lithuania 4.9 4.6 53 32 8.9
Netherlands 15 L5 15 1.1 L7
Poland 00 0.0 0.0 0.0 109
Portugal 22 1.7 22 L0 32
Romania 15.1 57 16.0 29 35.0
Slovakia 73 51 73 29 8.2
Slovenia 39 4.1 39 1.9 4.9
Spain 0.2 0.2 0.2 0.1 1.8
Sweden 0.7 0.8 0.7 0.5 2.5
UK 2.6 2.6 2.6 1.6 27
Average 31 26 32 1.7 54
Weighted av 20 1.9 20 1.3 4.5

GHG emission volume is used for weighting

radial, aggregate and unit directional vectors were applied for the directional output
distance function. These settings represented different assumptions in regards to the
substitutability between the desirable and undesirable outputs.

The results showed that the level of the energy-related GHG emission shadow
price depended on the direction taken. Indeed, the radial directional output distance
function showed the lowest shadow price levels as it corresponds to the data struc-
ture to the highest extent. The highest average shadow price observed in Poland and
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Spain implies that these countries require much attention to their energy-related
GHG emission in agriculture. On the contrary, the highest shadow prices were
observed for Romania and Slovakia which do not require much effort towards curb-
ing the energy-related GHG emission in the short term. The marginal abatement
cost curves were also estimated based on the shadow prices rendered by each of the
three directional DEA models. The results suggest that energy planning and climate
change mitigation policy requires considering the choice of both the analytical tools
and measures used for the analysis in order to properly address the challenges spe-
cific for different countries.

The decision makers shaping the agricultural support policy in the European
Union, the Common Agricultural Policy, could take the carbon shadow prices in the
consideration when identifying the support measures (especially, the Pillar 2 ones).
The similar experience can also be used for the agricultural support programmes
envisaging rural development measures across different regions. The marginal
abatement cost curves are also useful in providing rationale for the desirable level of
the energy-related emission abatement.

The directional vectors applied in this study are pre-specified ones. Even though
they are meaningful in the economic sense, some nuances may be masked in case
they are not optimized. Further research could focus on the endogenously chosen
directions that are based on optimization approaches, whether global case where all
the observations are considered simultaneously or local one where each observa-
tion is treated individually. This paper embarked on nonparametric analysis. Further
studies could explore the patterns of the energy-related GHG emission in agricul-
ture by using the parametric distance functions. Also, further analysis is possible by
exploiting micro-data. This would allow assessing energy consumption in different
farming types.

Future research can focus on adjusting the discussed frontier methods by explor-
ing the shadow price calculation based on both parametric (Molinos-Senante et al.
2015) and non-parametric approaches. Within the non-parametric framework, the
methods discussed by Cooper et al. (2007) and Aigner and Asmild (2023). The use
of the by-production in this context is a particularly important research avenue.

Appendix A: Panel models for the MACs

See Tables 5, 6 and 7.
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Summary in Lithuanian

Jvadas

Problemos formulavimas

Atlikta mokslinés literatiiros analizé¢ atskleidé, kad nors pasaulyje publikuota tyrimy
produktyvumo su nepageidaujamais rezultatais vertinimo problemai spresti, taciau visi
mokslinéje literatiiroje sitilomi nepageidaujamy zemés tikio gamybos rezultaty vertinimo
metodai turi svarbiy trikumy ir apribojimy. Néra sukurta metody bei atlikta tyrimy, kurie
leisty jvertinti atskiry zemés tkio gamybos veiksniy jtaka bendram Zemés iikio gamybos
efektyvumui ir aplinkosauginiy (Siltnamio dujy emisijy) poZitriu jvertinto produktyvumo
poky¢iams. Todél bitina sukurti naujg produktyvumo su nepageidaujamais rezultatais
vertinimo modelj, leidziant] i§vengti pasitilyty metody silpnybiy ir apribojimy, bei vis-
snius bei klititis. Be to, jprasta neparametriné ribiné analizé, tokia kaip duomeny ap-
gaubties analizé (DEA), taikoma produktyvumui ir efektyvumui matuoti, pasizymi
daugiadimensiskumo problema. Si problema tampa ypa¢ sudétinga, kai nepageidaujami
rezultatai jtraukiami tarp vertinimo kintamyjy.

Darbo aktualumas

Zemés iikio sektorius yra vienas svarbiausiy ekonomikos sektoriy, teikiantis zaliavas ir
maista kitiems sektoriams. Nors tvarioji Zemés tikio raida yra vienas svarbiausiy politikos
tiksly ES (Europa 2020; Europos Zaliasis susitarimas, Bendroji Zemés ukio politika),
zemes iikio gamybos intensifikavimas daro neigiama jtakg aplinkai. Tvarioji Zemés tkio
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raida turéty uztikrinti didziausig galimg Zemés iikio produktyvuma bei maZiausius
negatyvius Zemés iikio gamybos padarinius, tokius kaip aplinkos tar§a. Siltnamio efekta
sukelian¢iy dujy emisijos yra vienas svarbiausiy tvariojo zemés tikio vystymosi aplinko-
sauginiy i§8ukiy. Vertinant Zemes iikio produktyvuma, labai svarbu kartu jvertinti nepage-
idaujamy rezultaty, tokiy kaip Siltnamio dujy emisijos, jtaka zemés tikio gamybos produk-
tyvumui, siekiant uZztikrinti tvariojo zemés ikio produktyvumo augima, mazinant
neigiamg poveikj aplinkai, taip pat klimato kaitai. Peréjimas prie mazanglés energetikos
yra prioritetiné sritis jgyvendinant Zaliajj kursa, todél §iltnamio efekta sukeliandiy dujy
emisijy mazinimas dél energijos vartojimo zemés iikyje yra ypac svarbus tikslas siekiant
uztikrinti tvarig Zemés tikio plétra.

Tyrimo objektas

Zemés ikio produktyvumo su nepageidaujamais rezultatais vertinimas ES Zemés iikio
sektoriuje.

Darbo tikslas

Parengti gamybos produktyvumo su nepageidaujamais rezultatais vertinimo model;j bei
pritaikyti jj Zemes tkio tvariajam produktyvumui vertinti ES.

Darbo uzdaviniai

Darbo tikslui pasiekti reikalinga spresti sekanéius uzdavinius:

1. Atlikti mokslinés literattiros analizg ir susisteminti efektyvumo ir produktyvumo
poky¢iy su nepageidaujamais rezultatais vertinimo metodus bei apibendrinti re-
zultatus bei jy taikymo zemés tikyje jzvalgas;

2. Parengti produktyvumo su nepageidautina produkcija Zemés iikyje vertinimo
modelj, pagrista jvairiy metody, tokiy kaip duomeny apgaubties analiz¢, Liuen-
bergerio produktyvumo indeksas, pervir§io metodas, super efektyvi duomeny
apgaubties analize ir struktiirinio efektyvuma indeksas efektyvumo matavimui.

3. Sukurtg tvaraus produktyvumo su nepageidaujamais produktais modelj pritaikyti
darnaus zemés tikio produktyvumo vertinimui ES;

4. Remiantis gautais empirinio tyrimo rezultatais, parengti rekomendacijas tvario-
sios zemés tikio raidos politikos formavimui ES $alyse narése.

Tyrimy metodika

Pagrindiniai tyrimy metodai yra mokslinés literatiiros analizé, sintezé ir abstrahavimas,
Duomeny apgaubties analizé (DEA), jvairiis produktyvumo indeksai, tokie kaip pervirsio
metodas (SBM), Luenberger prodyktyvumo rodiklis, indélio j strukttrinj efektyvuma in-
deksas, superefektyvi DEA, silpno sumazininimo DEA.

Neparametriniai efektyvios ribos analizés metodai (DEA) suteikia galimybes nus-
tatyti atskiry regiony zemés iikio gamybos efektyvumo ir produktyvumo su nepageidau-
jamais rezultatais jver¢ius pagal pasirinktus rodiklius, rodandius bendrg bei atskiry
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gamybos veiksniy efektyvuma, jvertinti produktyvumo kitimg bei jo veiksnius (efek-
tyvumas bei technologiné pazanga) ir tarSos rezultatus. DEA, papildyta SBM bei Luen-
berger produktyvumo indikatoriumi, leidzia i$skaidyti atskiry gamybos veiksniy bei nepa-
geidaujamy gamybos rezultaty jtaka efektyvumui ir produktyvumo pokyciams. Be to,
DEA rezultati gali biiti iSderinti dél dideliy duomeny im¢iy, reikalingy gamybos funkcijai
jvertinti tam tikru tikslumo lygiu. Kintamyjy skaicius auga eksponentiskai atsizvelgiant j
funkcijos jvesties kintamyjy skaiciy ir $i problema tampa ypac sudétinga, kai yra nepagei-
daujamos produkcijos (papildomas kintamasis). Todél reitingavimui pagal ekologinj efek-
tyvuma tvariojo produktyvumo vertinimo atveju jvedamas indélio i struktirinj efek-
tyvumg indeksas bei superefektyvios DEA rodiklis.

Pritaikytas silpno sumazinimo (,,weak disposability*) DEA modelis, kurj taikant, ju-
dant skirtingomis optimizavimo kryptimis, gaunamos $e$élinés su energija susijusiy $ilt-
namio efekta sukelian¢iy dujy emisijy mazinimo kainos Zemeés tikyje, leidziancios jvertinti
SESD mazinimo kastus Zemés fikyje, esant skirtingoms gamybos technologijoms.

Panaudoti ,,Excel” su ,,Solver” ir ,,Visual Basic* programiniai paketai.

Darbo mokslinis naujumas

Sukurtas naujas zemés tikio produktyvumo su nepageidautina produkcija vertinimo mo-
delis, pagrjstas iSplésta gamybos funkcija, apimancia pagrindinius zemés tikio gamybos
veiksnius (energijos suvartojimg Zemés tkyje, kapitalg, darbo ir zemés sgnaudas zemés
ikyje) ir SESD emisijas, susijusias su energijos vartojimu zemés iikyje. Naujasis modelis
leidzia naujai iSplésti ir panaudoti DEA galimybes gamybos funkcijoje, papildant ja glo-
baliu pervirsio (,,slacks-based) metodu (SBM), Luenberger produktyvumo rodikliu, itin
efektyviu DEA ir indélio j struktarinj efektyvuma indeksu, leidzianciu iSanalizuoti visy
gamybos veiksniy, taip pat ir Silthamio efekta sukelian¢iy dujy, indélj i bendrus efek-
tyvumo ir naSumo pokycius ir pagaliau suskirstyti Salis pagal tvary produktyvuma per
nustatytg tyrimo laikotarpj.

Sukurtas tvariojo produktyvumo vertinimo modelis taip pat papildytas gamybos te-
chnologijos aplinkosaugine funkcija, kuri integruoja papildomas prielaidas apie pageidau-
tinos ir nepageidautinos produkcijy tarpusavio ry§j ir leidzia gauti nepageidautinos pro-
dukcijos (Siltnamio efektg sukelian¢iy dujy, atsirandanéiy dél energijos suvartojimo)
piniging iSraiska. Nepageidautina produkcija, vertinama pinigine iSraiska skaic¢iuojant
Sesélines SESD emisijy kainas (ribines SESD emisijy mazinimo i§laidas), leidzia formuoti
politikos rekomendacijas tvariajai zemés iikio raidai skatinti.

Darbo rezultaty praktiné reikSmé

Parengtas gamybos produktyvumo su nepageidaujamais rezultatais vertinimo modelis em-
piriskai pritaikytas tvariojo Zemés ukio sektoriaus produktyvumo vertinimui ES
valstybése. Remiantis tyrimo rezultatais buvo parengtos Zemés tikio ir aplinkosaugos po-
litikos tobulinimo politikos kryptys, kurios padéty didinti istekliy naudojimo ES Zemés
tkyje efektyvumg ir kartu spresti su klimato kaitos Svelninimu susijusias aplinkosaugos
problemas, tvariojo Zemés iikio produktyvumo augima.
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Ginamieji teiginiai
1. Tvariosios zemés tikio plétros vertinimas gali buti atlickamas taikant tvariojo
produktyvumo modelj, pagrista iSpléstine gamybos funkcija su neigiamais re-
zultatais, nes ji apima ekonomines, socialines ir aplinkosaugines zemés tkio
tvarumo dimensijas.

2. Iprasti DEA metodai turi daug trikumy dél diskriminacinés galios sumazéjimo,
kai egzistuoja didelis kintamyjy skaiCiaus, ypa¢ kai yra vertinami nepagei-
daujami rezultatai.

3. DEA galimybiy iSplétimas, papildant gamybos funkcija globaliu pervirSio
(,,slacks-based) metodu (SBM), Liuenbergerio produktyvumo rodikliu, su-
perefektyvia DEA, indélio | struktirinj efektyvumg rodikliu leidzia jveikti
pagrinding jprastos DEA daugiadimensiSskumo silpnybe ir detaliai iStirti visy
gamybos veiksniy, taip pat SESD emijy indélj j bendrus efektyvumo ir produk-
tyvimo pokycius.

4. SESD emisijy $ei¢linés kainos, gautos taikant silpno sumzinimo duomeny ap-
gaubties analize ir kryptinius atstumo nuo gamybos galimybiy ribos vektorius
(,,Directional Distance Functions®), leidzia apibrézti atsiliekancias ir pazangias
Salis Zemés ikio energijos vartojimo efektyvumo didinimo bei SESD emisijy
mazinimo pozilriu.

Darbo rezultaty aprobavimas

Tyrimo rezultatai publikuoti 5 moksliniuose leidiniuose, i§ kuriy 5 straipsniai i§spausdinti
recenzuojamuose mokslo zurnaluose su cituojamumo indeksu, jtrauktuose j Clarivate An-
alytics Web of Science duomeny baze.

Disertacijos autorius skaité keturis pranesimus trijose tarptautinése mokslinése konfer-
encijose:

— 3-io0ji Tarpatutiné moksliné konferencija SER 2020 ,,New Trends and Best Prac-
tices in Socioeconomic Research “. Igalo (Herceg Novi), Juodkalnija.

— 4-0ji Tarpatutiné moksliné konferencija SER 2020 ,, New Trends and Best Prac-
tices in Socioeconomic Research . Igalo (Herceg Novi), Juodkalnija.

— 16-0ji tarptautiné moksliné konferencija ,,Conference on Sustainable Develop-
ment of Energy, Water and Environment Systems ““. Dubrovnikas, Koratija.

Disertacijos strukura straipsniy pagrindu

Disertacijg sudaro jvadas, analitinés literatiiros apzvalga, tyrimo metodologijos aptarimas,
rezultaty ir iSvady santrauka, literatliros saraSas, priedai su penkiais moksliniais
straipsniais, santrauka lietuviy kalba.

Disertacija sudaro 178 puslapiai, 20 lygtys, 16 paveikslai, 9 lentelés ir disertacijoje
cituojamos 60 nuorodos.
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1. Tvariojo zemés ukio produktyvumo analitiné literattros
apzvalga

Nors yra atlikta nemazai tyrimy zemés tikio produktyvumo bei tvariosios zemeés
ukio raidos srityje, tarp mokslininky stokojama sutarimo dél nepageidaujamy rezultaty,
tokiy kaip Siltnamio efekta sukelianciy dujy emisijos ir kt., vertinimo tiriant Zemes uikio
gamybos efektyvumga bei produktyvuma. Kaip rodo atlikta iSsami tyrimy, skirty zemés
iikio produktyvumui bei aplinkos tarSai vertinti, analizé, yra labai sunku tinkamai aplin-
kosauginiu pozidiriu jvertinti zemés tikio tvariosios raidos prioritetus ir problemas. Iki Siol
mokslininkai placiai diskutuoja Sia tema bei siiilo jvairius alternatyvius problemos spren-
dimo biidus.

Pittman (1983) bei Hailu ir Veeman (2001) pasitilé nepageidauting produkcija
gamybos funkcijoje jvertinti kaip vieng i§ gamybos veiksniy. Fare et al. (1989), Kuosma-
nen (2005) pateiké pasitilyma nepageidauting produkcija laikyti silpnai sumazinama
(,,weakly disposable®) lyginant jg su pageidautina produkcija, t. y., vertinant gamybos pro-
duktyvuma, nustatyti reikalavima, kad pageidautina ir nepageidautina produkcija mazéja
proporcingai.

Murty et al. (2012) pasitlé modelj, kuriame nustatomi tarSa lemiantys gamybos
veiksniai ir sudaroma atskira ,,tarSos funkcija“ Salia gamybos funkcijos. Kocisova (2015)
atliko ES Zemés tkio gamybos produktyvumo vertinima, taikydama DEA ir dekompozi-
cing analize, taCiau Siame tyrime nebuvo nagrinéjami nepageidaujami gamybos rezultatai,
tokie kaip atmosferos tarSa ar Siltnamio efekta sukelianciy dujy emisijos. Blazejczyk-
Majka (2017) taip pat pritaiké DEA ES saliy nariy zemés tikio gamybos efektyvumui ver-
tinti, neatsizvelgdama j nepageidaujamus zemés tkio produkcijos rezultatus. Barath ir
Ferto (2017) zemés tikio gamybos produktyvumo tyrime pritaiké DEA ir Fare—Primont
indeksa, kuris leido jvertinti atskiry gamybos veiksniy pakei¢iamumg gamybos funkcijoje,
taciau vélgi nepageidautina produkcija nebuvo jvertinta. Martinho (2017) taip pat panau-
dojo DEA ES S$aliy nariy Zemés tikio produktyvumui vertinti, taciau neanalizavo nepagei-
daujamy gamybos rezultaty jtakos produktyvumo pokyciams. Vlontzos at al. (2014) pri-
taiké DEA ir pervirSio modelio (SBM) kombinacija ES Saliy Zemés tikio produktyvumui
vertinti, ta¢iau nors tyrime buvo jvertinti du nepageidaujami gamybos rezultatai, tokie
kaip anglies dioksido emisijos ir maistiniy medziagy balansas, Siame tyrime atskiry
gamybos veiksniy jtaka produktyvumui nebuvo nagrinéta. Bartova et al. (2018) pritaiké
nepageidautinos produkcijos silpno sumazinimo (,,weakly disposable®) gamybos funkci-
joje principa bei DEA ir Malmquist-Luenberger produktyvumo indeksa ES Zemés tkio
gamybos produktyvumo analizei ES $aliy lygmenyje. Nors Siame tyrime kaip nepageidau-
tina produkcija buvo jvertintos Siltnhamio efekta sukelianciy dujy emisijos, atskiry
gamybos veiksniy bei Siltnamio dujy emisijy efektyvumo jtaka bendram efektyvumui ir
produktyvumui nebuvo nustatyta.

Visi atlikti tyrimai ir sitilomi Zemés tikio produktyvumo bei nepageidaujamy zemés
tkio gamybos rezultaty vertinimo metodai turi svarbiy triikumy ir apribojimy. Vienas sva-
rbiausiy apribojimy yra tai, kad visi iki Siol taikyti Zemés iikio gamybos efektyvumo ir
produktyvumo vertinimo metodai bei atlikti tyrimai nesugebé¢jo pateikti tinkamy modeliy
visy gamybos veiksniy bei nepageidaujamy gamybos rezultaty jtakos produktyvumo
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pokyciams jvertinti. Todél buitina sukurti naujg produktyvumo su nepageidautina pro-
dukcija vertinimo model;j, leidziantj iSvengti pasiiilyty metody trykumy ir apribojimy bei
i8plésti DEA galimybes zemés tikio produktyvumo su nepageidaujamais rezultatais visa-
pusiskai analizei bei vertinimui. Tuo tikslu siekiama panaudoti jvairius papildomus pro-
duktyvumo rodiklius, konstruojant aplinkosaugines gamybos funkcijas taikant DEA.

2. Tvariojo produktyvumo vertinimo tyrimo metodika

Pareto—Koopmans pateiké apibrézima, kad gamyba yra efektyvi, jeigu nejmanoma paga-
minti daugiau, nepadidinus sgnaudy, arba nejmanoma panaudoti maziau gamybos veiks-
niy, nesumazinus gamybos apim¢iy (Mirdehghan, Fukuyama, 2016). Tuo tarpu Farrell
(1957) pasitlé efektyvumo koeficienta, leidziantj jvertinti, kiek faktiné situacija skiriasi
nuo optimalios. Optimali situacija jvertinama taikant gamybos funkcija (gamybos ga-
limybiy riba). Efektyvumas nustatomas kaip faktinio ir optimalaus produktyvumo
santykis, o gamybos produktyvumo pokytis yra iSmatuojamas kaip efektyvumo bei tech-
nologinio poky¢io rezultatas.

Taigi, tvarusis zemés iikio produktyvumas gali biiti tiriamas, taikant ribinius (nepa-
rametrinius tiesinio programavimo) metodus ir siekiant nustatyti efektyvia pasirinkto re-
giono zemés tikio gamybos galimybiy riba, kartu jvertinus nepageidaujamus zemés tkio
gamybos rezultatus, tokius kaip Siltnamio efekta sukelianc¢iy dujy emisijos. Pasirinkto ty-
rimo regiono (ES $aliy nariy) nuotolis nuo efektyvios Zemés tikio gamybos galimybiy ri-
bos parodyty, ar yra potencialas pasiekti geresnius ekonominius rezultatus, jvertinus §ilt-
namio efekta sukelian¢iy dujy emisijy apribojimus, su turimais iStekliais, t. y.
zmogiSkuoju kapitalu ir investicijomis bei aplinkosauginiais apribojimais.

Konstruojant tvariojo produktyvumo vertinimo modelj Zemés iikyje, pasirinkti nepa-
rametriniai tiesinio programavimo metodai (duomeny gaubties analiz¢), nes jie papildo
daugiamaciy duomeny analizés galimybes ir tiksliau jvertina techninio zemés tikio efek-
tyvumo skirtumus tarp tiriamy regiony, leidzia identifikuoti silpnasias sritis ir pateikti pa-
siilymus zemeés iikio bei aplinkos politikai. Duomeny gaubties analizé (DEA) geriau nei
kiti neparametriniai tiesinio programavimo metodai padeda iSgryninti technologiskai
panasiy regiony efektyvumo skirtumus (Hailu, Veeman 2001; Fére, Grosskopf, 2003;
Murty et al., 2012).

DEA lygina visg regiony grupe pagal ekstremalias efektyvumo reikSmes, o like me-
todai skirtingy regiony efektyvuma lygina tik su mazesnius resursus turin¢iais regionais,
leidziant dalies regiony ekonominiy jverciy reik§méms buti vir§ efektyvios gamybos ga-
limybiy ribos su tam tikrais pasikliovimo lygmenimis a. Lyginant technologiskai panasius
regionus tikslingiau ieSkoti visos grupés lyderiy, kuriy pagrindu buity galimybeé daryti iSva-
das apie bendra regiony grupés zemés tikio efektyvuma (Sueyoshi et al., 2017; Urdiales
etal., 2016).

Taigi efektyvumui ir Zemés tikio produktyvumui tirti Siame darbe yra sitiloma taikyti
vienas kita papildancius tyrimo metodus, tokius kaip DEA ir jvairiis produktyvumo ro-
dikliai bei aplinkosauginés technologijos, siekiant identifikuoti problemines sritis ir gauti
naudingos informacijos tvariosios zemés iikio raidos skatinimo ir klimato kaitos $velni-
nimo politikai formuoti.
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Pasitilytas naujas zemés tikio gamybos su nepageidaujamais rezultatais vertinimo
modelis, kurio pagrinda sudaro iSplésta gamybos funkcija, apimanti pagrindinius zemés
tkio gamybos veiksnius (energijos suvartojimas zemés iikyje, kapitalo, darbo bei zemés
sanaudos zemes tkyje) bei Siltnhamio dujy emisijas, susijusias su energijos vartojimu
zemés iikyje. Modelis leidzia jvertinti gamybos funkcija taikant DEA ir wepapildant glo-
balia technologija ir pervirSio (,,slacks-based*) metodu (SBM), Luenberger produktyvumo
rodikliu, superefektyvios DEA bei indélio | struktiirinj efektyvuma rodikliais, skirtais
zemes ukio tvariajam produktyvumui bei efektyvumui matuoti.

Tarkime, kad X yra gamybos veiksnio sagnaudos, o ¥ — gamybos apimtis, o (faktinis)
produktyvumas = Y/X. Tarkime, kad optimalus sagnaudy kiekis yra X* <.X; tada optimalus
produktyvumas = Y/X* > Y/X. Dazniausiai gamybos procese naudojamas daugiau nei vie-
nas gamybos veiksnys, pagaminamas daugiau nei vienas produktas. Tuomet aps-
kai¢iuojami agreguoti kiekiai X =f(x1, x2, ..., xm) ir Y=g (v1, y2, ..., yn). Agregavimui
naudojami svoriai (t.y. funkcijy fir g koeficientai), kurie yra gaunami taikant ribinius
metodus, tokius kaip DEA.

SBM pervirsio vertinimo metodas iSmatuoja neefektyvuma (atstumo funkcija) re-
miantis jvesties ir rezultaty pervirSiais / trikumais (Cooper et al., 2007). Taigi empirinio
tyrimo metu bus matuojamas neefektyvumas. Kryptiné atstumo funkcija gali jgauti
reik§mes nuo 0 iki begalybés. Neefektyvumas yra atvirkscias dydis efektyvumui, o nulinis
neefektyvumas reiskia visiska efektyvuma.

Luenberger produktyvumo (LPI) rodiklis atspindi produktyvumo pokycius, kurie
gali buti teigiami ir neigiami. Teigiama reikSmé rodo, kad gamybos produktyvumas auga,
ir atvirksciai (Wang, Wei, 2016; Wang et al., 2016).

Toliau sukurtas gamybos produktyvumo su nepageidaujamais rezultatais vertinimo
modelis su aplinkosaugine gamybos technologijos funkcija papildomas naujais efek-
tyvumo vertinimo metodais: superefektyvia DEA ir indélio | strukturinj efektyvuma in-
deksu. Tai leidzia spresti ZU efektyvumo vertinimo problema, kai DEA analizé nepajégi
jvertinti efektyvumo dél diskriminacinés galios sumazéjimo, t. y. geb¢jimo atskleisti skir-
tumus tarp jvairiy efektyvumo lygiy. Si problema pasireiskia esant dideliam kintamyjy ir
stebéjimy skaiiui ir tampa labai sudétinga, kai yra jtraukiama nepageidautina produkcija
(papildomas kintamasis).

Superefektyvi DEA analizé ir panaSts metodai buvo pasitlyti siekiant pagerinti
diskriminacine galig (atskleisti skirtumus tarp jvairiy efektyvumo lygiy). Taikant Siuos
metodus daroma prielaida, kad kiekvieno nagrinéjamo efektyvaus DMU (sprendimy
priéméjo / valstybés) gamybos technologija yra tiriama toliau ir gaunami rezultatai yra
didesni nei 1, o neefektyviy DMU — ne.

Taigi, taikant superefektyviag DEA, efektyviis sprendiniai yra eliminuojami i$ pagrin-
dinés aibés kiekvienam DMU. Neefektyvis sprendiniai neturi jtakos, todél jy nebiitina
eliminuoti. Taip efektyvumo matas tampa neapribotas.

Taip pat jvedamas indélio j struktirinj efektyvuma indeksas, kuris taiko (ta pacia)
aplinkosaugine technologija visiems DMU. Indélio | strukturinj efektyvuma indeksas
skai¢iuojamas kaip visy galimy atvejy agregavimo varianty jtraukus ir nejtraukus atskiras
DMU vidurkis. Skai¢ius >1 rodo, kad atskiras DMU pagerina struktiirinj efektyvuma.
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Toliau produktyvumo vertinimo modelis papildomas aplinkosaugine gamybos tech-
nologijos funkcija, kuri integruoja papildomas prielaidas apie pageidaujamy ir nepagei-
daujamy rezultaty tarpusavio rysj, ir vertinama nepageidaujamy rezultaty (SESD dél ener-
gijos suvartojimo zemés iikyje) piniginé israiska. Ji randama skai¢iuojant SESD $esélines
kainas (ribiniai SESD emisijy mazinimo kastai).

Kitame etape j gamybos produktyvumo su nepageidaujamais rezultatais vertinimo
zemes tikyje modelj jvedama aplinkosauginé gamybos technologijos funkcija, kuri inte-
gruoja papildomas prielaidas apie pageidaujamy ir nepageidaujamy rezultaty tarpusavio
ry$j. Tyrimui pasirinkta silpno sumazinimo (angl. weakly disposable) technologija t. y-
pageldautlna produkcua ir nepageidaujami rezultatai (SESD) mazeja proporcingai.
Seseline SESD emisijy kaina rodo jy sumazinimo ribinius kastus. Si informacija labai
svarbi norint analizuoti aplinkos kokybés gerinimo galimybes taikant konkre¢ig gamybos
technologija.

Kryptiné DEA, pritaikyta aplinkosauginei technologijai, gali jvertinti sprendimy
priémimo vienety (valstybés) efektyvuma judant prie gamybos galimybiy kreivés jvai-
riomis kryptimis. Kryptys gali biiti skai¢iuojamos vertinant atskiry Saliy duomenis arba
Saliy grupes.

Siame tyrime buvo siekiama i3siaiskinti skirtingy krypé&iy pasirinkimo, judant prie
gamybos galimybiy kreivés, poveikj SESD emisijy $esélinéms kainoms. Buvo pritaikytas
silpno sumazinimo (,,weak disposability*) DEA modelis, sukurtas Kuosmanen (2005). Ju-
dant skirtingomis optimizavimo kryptimis gaunamos Sesélinés su energija susijusiy $ilt-
namio efekta sukelian¢iy dujy emisijos ES zemés iikyje kainos.

Skai¢iavimui reikalingi duomenys: ES $aliy nariy duomenys i§ Eurostat Zemés iikio
ekonominiy saskaity, energijos balansy, Siltnamio dujy emisijy dél energijos suvartojimo
zemés tkyje duomenys. Tiriami gamybos veiksniai: energijos suvartojimas zemeés iikyje,
TJ; pastovaus kapitalo sagnaudos Zemés tikyje, PGS, perskaic¢iuotos 2005 m. arba 2010 m.
kainomis; darbo sgnaudos zemés iikyje, metinés darbo laiko valandos; Zemés sanaudos,
ha. Pageidautina produkcija iSreiksta bendra zemés tikio produkcija, PGS, perskaiciuota
pastoviomis 2005 m. kainomis. Nepageidautina produkcija iSreikSta Siltnamio efekta su-
kelian¢iy dujy emisijomis, Mt.

3. Tvariojo zemés ukio produktyvumo vertinimo rezultatai

Siame skyriuje pateikiami empiriniy tyrimy, atlikty taikant sukurta orginaly tvaraus pro-
duktyvumo vertinimo modelj ES valstybiy nariy Zemés tkyje, rezultatai.

Zemés Gikio gamybos neefektyvumas buvo matuojamas atsizvelgiant j gamybos ga-
limybiy ribas. Jtraukus prielaida apie nuolating masto graza, ribiniai neefektyvumo
poky¢iai yra susije su analizuojamy ES Saliy produktyvumo poky¢iais. Pritaikytas per-
virsio metodas neefektyvumo analizei leido atskirti atskiry sgamybos veiksniy ir rezultaty
indélj | bendraji zemés tikio gamybos neefektyvuma.

Atlikti skai¢iavimai atskleidé, kad ES zemés iikio produktyvumo padidéjimas yra
daugiausiai susijes su gamybos veiksniy naudojimo efektyvumo didinimu ir aplinkosau-
ginio veiksmingumo gerinimu. Vidutinés neefektyvumo baly vertés toliau analizuojamos,
sickiant nustatyti pagrindines neefektyvumo tendencijas zemés tikio gamyboje ir atskiry
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kintamyjy jtaka bendram produktyvumui. S3.1 lenteléje pateikiamos vidutinés neefek-
tyvumo reik§més kartu su tendencijy koeficientais (atitinkanéiais stochastinius kitimo
tempus) jvairiais laikotarpiais.

$3.1 lentelé. Neefektyvumo dinamika ES 3alyse (Saltinis: Streimikis et al., 2020)

Laikotarpis ‘ Energija Kapitalas | Darbas ‘ Zemé ‘ SESD emisijos
Average, %

1995-2016 3,84 3,51 2,37 2,18 14,21
1995-2003 4,52 4 3,55 2,79 16,57
2004-2016 3,38 3,16 1,55 1,76 12,58

Trendas (pokyc¢iy greitis, procentiniai punktais)

1995-2016 —0,1 —0,09 -0,17 0,09 0,34
1995-2003 —0,13 —0,01 —0,1 —0,06 0,16
2004-2016 —0,08 0,15 0,14 -0,1 -0,33

Pradzioje ES Zemés wikio sektoriaus veiklos efektyvumas buvo analizuojamas $alies
lygiu kiekvienais metais taikant jprasting duomeny apgaubties analize. Gauti rezultatai
pateikti S3.2 lenteléje.

S3.2 lentelé. ES valstybiy nariy Zemés tkio sektoriy efektyvumo balai (pastovaus masto graza),
1995-2016 (Saltinis: Streimikis et al., 2022)

Valstybé 1995 | 2000 | 2005 | 2010 | 2016 | Vidurkis | Trendas
Austrija 089 |08 [09 |09 |09 |091 0,005
Belgija 0,81 1,00 | 1,00 |1,00 |1,00 |097 0,007
Bulgarija 1,00 [1,00 |1,00 |1,00 |1,00 |1,00 0,000
Cekija 093 094 |[100 |09 |09 |097 0,001
Danija 1,00 [1,00 |1,00 |100 |100 |1,00 0,000
Estija 0,85 1,00 09 |087 |073 090 -0,003
Suomija 0,69 |067 [070 [071 |068 069 0,002
Pranciizija 1,00 [1,00 |1,00 |1,00 |093 1,00 -0,001
Vengrija 0,8 |08 |09 |084 |097 0389 0,003
Latvija 062 |064 |064 |070 |1,00 |072 0,018
Lictuva 0,73 1,00 | 1,00 |1,00 |1,00 |096 0,009
Nyderlandai 1,00 [ 1,00 |1,00 |10 |100 |1,00 0,000
Lenkija 0,68 |066 |100 |1,00 |1,00 |0384 0,022
Rumunija 1,00 1,00 |1,00 |1,00 |1,00 |1,00 0,000
Slovakija 1,00 1,00 |1,00 |10 |100 |1,00 0,000
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S3.2 lenetelés pabaiga

Valstybé 1995 2000 2005 2010 2016 Vidurkis Trendas
Slovénija 1,00 1,00 1,00 1,00 1,00 1,00 0,000
Svedija 0,71 0,72 0,73 0,72 1,00 0,77 0,013
Vldurkis 0,87 0,91 0,93 0,93 0,95 0,92 0,004
e A R L R L :

Toliau buvo panaudotas superefektyvios duomeny apgaubties analizés ES valstybiy
nariy reitingavimui pagal zeemés tikio gamybos efektyvuma (S3.3 lentelé).

S3.3 lentelé. ES valstybiy nariy Zemés ikio sektoriaus efektyvumas taikant superefektyvia
duomeny apgaubties analizg, 1995-2016 m. (Saltinis: Streimikis et al., 2022)

Valstybé 1995 2000 2005 2010 2016 Vidurkis Trendas
Austrija 0,89 0,89 0,90 0,95 0,95 0,91 0,005
Belgija 0,81 — - — — 0,93 —
Bulgarija - - - - 1,80 1,80 -
Cekija 0,93 0,94 1,01 0,96 0,94 0,98 0,001
Danija — — - 1,02 1,14 1,05 -
Estija 0,85 1,01 0,96 0,87 0,73 0,88 —
Suomija 0,69 0,67 0,70 0,71 0,68 0,69 0,002
Pranciizija — — - — 0,93 1,08 —
Vengrija 0,86 0,88 0,96 0,84 0,97 0,89 0,003
Latvija 0,62 0,64 0,064 0,70 1,01 0,71 —
Lietuva 0,73 1,13 1,21 1,01 1,03 1,02 0,012
Nyderlandai - - - - - - -
Lenkija 0,68 0,66 — — — 0,68 —
Rumunija 1,13 - - - - 2,56 -
Slovakija 1,33 1,05 1,08 - 1,36 1,23 -
Slovénija - - — - - — -
Svedija 0,71 0,72 0,73 0,72 — 0,72 -
Vidurkis 0,85 0,86 0,91 0,86 1,05 0,97 0,011
# superefektyviy

rezultaty 5 7 8 8 6 2 -
skaicius
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Remiantis S3.3 lenteléje pavaizduotais superefektyvios duomeny apgaubties anali-
z¢€s rezultatais, galima i$ naujo suranguoti ES $alis pagal zemés tikio produktyvuma. Ta-
¢iau yra keletas Saliy, kurioms superefektyvi duomeny apgaubties analizé nepateikia jver-
¢iy dél duomeny pobidzio.

Toliau apskaiciuotas ir S3.4 lenteléje pateiktas ES Saliy vidutinis indélio j struktiirinj
efektyvumga indeksas.

S3.4 lentelé. ES valstybiy nariy vidutinis efektyvumas ir indélis i struktirinj efektyvumg indeksas,
1995-2016 m. (Saltinis: Streimikis et al., 2022)

Metai, kai
S indélio |
Indélis j Efektyviy | Me@bkai o aring | 29
. st DEA . superefektyvi tinis
Valstybé struktiirinj . . valstybiy . efektyuma
vidurkis ... | DEA nepateikia ranga-
efektyvuma mety skaicius . rezultatas .
sprendimo . vimas
yra tei-
giamas
Rumunija | 1,023149 1 22 12 22 1
Nyder- 1,02307 1 22 2 18 2
landai
Bulgarija 1,011594 1 22 21 22 3
Slovakija 1,001755 1 22 6 18 4
Slovénija | 1,000281 1 22 22 12 5
Danija 0,997418 0,99808 |20 12 3 6
Pranctizija | 1,070929 0,99708 |21 18 21 7
Cekija 0,998272 0,97028 |7 0 5 8
Belgija 1,007048 0,96935 |18 16 19 9
Lietuva 0,995932 0,95689 |16 0 4 10
Austrija 0,997139 0,91403 |0 0 3 11
Estija 0,996926 0,89864 |5 4 0 12
Vengrija 0,999253 0,88691 |0 0 8 13
Lenkija 0,914115 0,84153 |11 11 0 14
Svedija 0,981677 0,77143 |4 4 0 15
Latvija 0,99011 0,72257 |2 1 0 16
Suomija 0,982399 0,68700 |0 12 0 17

Analizés rezultatai rodo, kad nors $alis galima reitinguoti pagal du efektyvumo ma-
tavimo metodus, kai kurie gauty rezultaty skirtumai yra nereik§mingi. Pavyzdziui, Rumu-
nijoje ir Nyderlanduose vidutinis indélis  struktiirinj efektyvuma beveik nesiskiria. Todél
indélio i struktiirinj efektyvuma metodas leidzia geriau reitinguoti Salis pagal tvaraus Ze-
meés tkio produktyvuma, kai tuo tarpu kiti metodai neduoda rezultaty.

Toliau tyrime pritaikyti trys kryptiniai atstumo vektoriai (proporcinis arba radialinis,
vienetinis ir agreguotas ), leido apskaiCiuoti Se$élines su energija susijusiy Siltnamio efekta
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sukelian¢iy dujy emisijy kainas ES 3aliy zemés tikyje. Agreguoti SESD emisijy $eséliniy
kainy rezultatai pateikti S3.5 lenteléje.

S3.5 lentelé. Vidutines Ses¢linés SESD kainos (perkamosios galios standartais 2010/kg CO>
ekvivalento) ir jy pokytis (Saltinis: Streimikis et al., 2023)

Agreguotas krypties Radialinis krypties Vienetisnis krypties

vektorius vektorius vektorius
Country Vidurkis Trendas Vidurkis Trendas VlIdurkis Trendas
Austrija 2,4 0,1 2,3 0,0 2.4 0,0
Belgija 1,9 3,8 2,2 3,8 2,2 3,5
Bulgarija 3,1 2,2 2,7 1,4 3,5 1,8
Cekija 2,4 -1,1 2,5 -1,5 2,8 -0,8
Danija 2,6 3,6 2,6 4,7 2,7 4,9
Estija 4,5 —4.4 33 2,0 5,1 -3,0
Suomija 0,7 4,0 1,2 1,0 2,0 0,8
Pranctizija 3,6 0,8 3,8 -0,3 3,7 1,0
Graikija 2,2 11,4 2,0 10,3 3,8 14,8
Vengrija 3,5 -1,1 3.4 -0,8 3,7 -0,8
Airija 2,8 4,2 2,7 3,5 3,0 4,3
Italija 3,1 0,2 3,0 -2,9 2,4 2,2
Latvija 1,1 13,5 1,2 12,8 24 10,6
Lietuva 4,9 4,0 4,6 59 8,8 4,2
Neyderlandai 1,5 0,7 1,5 0,7 1,3 1,4
Lenkija 0,0 - 0,0 - 1,1 2,8
Portugalija 2,2 0,2 1,7 -3,7 2,8 3,0
Rumunija 15,1 —4,9 5,7 0,5 35,0 0,8
Slovakija 7,3 -8,1 5,1 2,0 8,2 —6,4
Slovénija 39 -0,1 4,1 4,0 4,9 1,1
Ispanija 0,2 -2,5 0,2 —4,1 0,4 -2,0
Svedija 0,7 -10,4 0,8 9,5 1,5 4,1
Jungtingé
Karalysté 2,6 33 2,6 3,4 2,6 2,8
VIdurkis 3,1 0,9 2,6 1,5 4,6 1,7
Svertinis
vidurkis 2,0 0,5 1,9 0,2 2,5 1,2

Kaip matyti S3.5 lenteléje, Lenkijoje ir Ispanijoje galima pastebéti Zemiausig Sesé-
ling SESD kaina, nepaisant taikomo krypties vektoriaus. Didziausia Ses¢line SESD kaina
yra Rumunijoje ir Slovakijoje. Salys, kuriy Ses¢linés SESD kainos yra mazesnés, turéty
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déti daugiau pastangy mazindamos $iltnamio efekta sukelian¢iy dujy iSmetima, nes jos
turi didesnj potenciala tai padaryti. Tuo tarpy 3alys, turin¢ios aukstas $es¢lines SESD kai-
nas yra pasiekusios didelj energijos efektyvumo lygj ir dar labiau sumazinti SESD emisi-
jas dél energijos vartojimo joms yra brangu.

Bendrosios iSvados

1.

Zemés iikio sektorius yra susijes su socio-ekonominémis ir gamtinés aplinkos
sistemomis. Dél to yra svarbu atsizvelgti ] jvairias Zemés iikio veiklos dimensijas
atliekant jrodymais gristg analize. Sisteminga literatliros apie tvarumo vertinimag
zemes tikyje analiz¢ atskleidé, kad zemés tikio tvarumo ir produktyvumo augimo
vertinimas gali buiti atlieckamas panaudojant aplinkosaugine gamybos technolo-
gija. Si technologija apima nepageidaujamus gamybos rezultatus, leidziangius i3-
matuoti Zzemés tkio poveikj gamtinei aplinkai, o produktyvumas ir gamybos
veiksniai atspindi ekonomines ir socialines tvarios Zemés iikio tvarumo dimensi-
jas.

PRISMA protokolas buvo naudojamas sistemingai apzvelgti literatiirg apie ze-
més tikio tvarumo ir produktyvumo vertinimg. Literatiiros Saltiniai buvo atrinkti
remiantis PRISMA teiginiais ir suskirstyti j Sias tematines grupes: zemés tkio
tarSa, tvarus zemés tkis ir aplinkosaugos veiksmingumas. DEA modeliai gali
biiti veiksmingai pritaikomi vertinant Zemés tikio efektyvuma jtraukiant nepagei-
daujamus rezultatus. Taciau atlikta analizé atskleidé, kad jprastiniai zemés tikio
efektyvumo ir produktyvumo augimo vertinimo DEA modeliai turi tokiy apribo-
jimy kaip dimensiskumas, kuris tampa ypac aktualus, kai jtraukiami nepageidau-
jama produkcija aprasantys kintamieji. Empiriné ES Zemeés tikio sektoriaus efek-
tyvumo analizé parode, kad, pavyzdziui, superefektyvumo DEA modelis esant
pastoviosios masto grazos prielaidai negali jvertinti kai kuriy valstybiy efekty-
vumo. Todél, norint jvertinti efektyvumo ir produktyvumo augimo rodiklius
esant nepageidaujamiems gamybos rezultatams, reikalingi nauji DEA modeliai.
DEA yra neparametrinis ribinis metodas, kurj galima panaudoti ekologiniam
efektyvumui nustatyti naudojant aplinkosauging gamybos technologija. Efekty-
vumo matai gali biiti panaudojami ,,zaliojo* produktyvumo augimui apskaiciuoti.
Visgi, jprastiniai DEA modeliai gali neveikti kai j efektyvumo ir produktyvumo
augimo analiz¢ yra jtraukiami nepageidaujami gamybos rezultatai. Siekiant
jveikti Siuos apribojimus, disertaciniame darbe buvo pritaikyti nauji DEA mode-
liai ES Zzemés tkio sektoriaus efektyvumo ir produktyvumo augimo vertinimui.
Pasiiilytas naujas tvariojo produktyvumo vertinimo modelis apima tokius pléti-
nius kaip globalioji gamybos technologija ir pervir§io matavimu. Sis metodas
leidzia i$skaidyti Luenberger produktyvumo rodiklj visy gamybos veiksniy ir re-
zultaty (jskaitant Siltnamio efekta sukelianciy dujy emisijg) atzvilgiu ir taip pa-
aiskinti efektyvumo bei technologinius pokycius.

Gamybos galimybiy ribiniy modeliy, apimanciy nepageidaujamus gamybos re-
zultatus, taikymas leidzia jvertinti $iy rezultaty Se$élines kainas. Tokios analizés
rezultatai gali priklausyti nuo modelio orientacijos gamybos veiksniy ir rezultaty
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atzvilgiu. DEA modeliai, skirti aplinkosauginei gamybos technologijai, buvo pri-
taikyti pinigine i$raiska matuojant nepageidautinos produkcijos (SESD emisijos
dél energijos vartojimo ES Zemés tikyje) kaing su skirtingais kryptiniais vekto-
riais. Su skirtingais kryptinais vektoriais susij¢ modeliai parode skirtingas Sesé-
lines SESD emisijos kainas ir leido i§matuoti sprendimus priimanéiy vienety
efektyvuma taikant skirtingas judéjimo link gamybos galimybiy ribos kryptis. Sis
tyrimas yra naudingas politikos analizei, nes jis atskleidé ribinius Siltnamio
efekta sukelianciy dujy emisijy mazinimo zemés tikyje kastus ir parod¢ skirtingas
SESD emisijos mazinimo galimybes ES $alyse narése. Tyrimo metu jvertintos
Sesélinés Siltnamio efekty sukelian¢iy dujy emisijos mazinimo kainos leidzia nus-
tatyti pazangias valstybes ir tas, kurioms reikalingas tolesnis energijos vartojimo
efektyvumo didinimas bei Svaresnés energijos balansas zemés tikio sektoriuje,
didinant atsinaujinanéiy energijos istekliy panaudojimg ir taip uztikrinant tvaria
zemes tkio raida.
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