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Abstract

The assessment of sustainability at farm level has been growing in popularity over the last
years. This paper contributes to this line of research by building up composite indicators for
different facets —social, economic, environmental and global— of farm sustainability using a
methodological approach that combines Data Envelopment Analysis and Multi Criteria De-
cision Methods. This approach is applied to a database of 163 farms located in the Spanish
Northern Plateau. Our findings show that both economic and environmental sustainability
indicators are positively correlated, but that this is not the case for the social indicator. We
also check the influence of a set of variables on farm sustainability using bootstrapping tech-
niques, and showing that increasing farm size, membership on agricultural cooperatives and
farmers’ medium and upper agricultural-specific technical education all exert a significant
positive influence on sustainability. These results provide clues for policy-makers that intend
to design sustainability-increasing structural agricultural policies.

Keywords: Sustainability index, Agriculture, Data Envelopment Analysis, Multi-Criteria
Decision Making, Spain.
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1. Introduction

Sustainability is a widely used concept, which gained popularity after the famous Brundtland
Report, which defined sustainable development as ‘development that meets the needs of the
present without compromising the ability of future generations to meet their own needs’
(WCED, 1987: 43). This definition reflects the simultaneous consideration of three impor-
tant concepts: recognition of the limited availability of natural resources, the acceptance of
the need for intergenerational equity and several social and spatial issues summarized as

intra-generational equity (Becker, 1997). However, despite the impressive amount of scien-



tific literature that followed, ‘sustainability’ remains a vague and elusive term when it comes

to empirical research.

In the specific case of agriculture, considerable research efforts have been made to over-
come the conceptual vagueness of sustainability by defining the appropriate scale of refer-
ence to assess sustainability and by developing an adequate theoretical framework to inte-
grate the diverse aspects of sustainability (Hansen, 1996; Rao and Rogers, 2006; Raman,
2006). But there has been no agreement to date on a common analytic framework that could

simultaneously meet the needs of policy-makers and researchers in this field.

Policy-making operates on a larger geographical scale than farming-system research and
has pushed in the direction of developing analytical frameworks that comprise sets of indica-
tors defined at national level and ready for international comparisons (OECD, 2001; EEA,
2005). However, researchers concerned with the interaction between agriculture and biodi-
versity or the quality of the natural environment, tend to emphasize that economic and eco-
logical interrelations are most pronounced at farm level, even if environmental information
is frequently lacking (van Wenum et al., 1999). Consequently, defining agro-environmental
indicators at national or regional level is not appropriate when indicators are intended to pro-
vide information regarding the environmental value of agricultural ecosystems. Therefore,
the need to collect and use farm or local farming system-specific agro-environmental indica-
tors has been widely recognized (Rigby et al., 2001; Van der Werf and Petit, 2002; Pacini et
al., 2003). This approach, considering the farm as the basic unit for sustainability assess-
ment, has increased in popularity in the last years, once it was also proved useful for policy-
makers, as this is the unit that most public policies focus on. In fact, the ways in which pub-
lic decision-makers attempt to address the ‘governance’ of the whole agricultural sector have

their most direct impact on farms (Andersen et al., 2007; van Passel ef al., 2007).

Parallel to the definition of an appropriate scale of analysis, a major stream of the litera-
ture has attempted to quantify sustainability. Both the need to lend scientific substance to the
multifaceted concept of sustainability, and a strong political demand for comprehensive as-
sessments of the joint evolution of economic, social and environmental conditions have been
instrumental in the pursuit of quantifying of sustainability. This has proved to be a difficult
task. However, even though establishing the sustainability of a local farming cultivation sys-
tem or individual farm is plagued with all sorts of difficulties, analysts and policy-makers
should at least be able to rank systems or decisional units, according to comparatively more
sustainable production practices (Reig ef al., 2010). This will be the case if, for example,
they aim to fix the amount of public support to be received for each individual farmer. For
this purpose, a single criterion aggregating the different dimensions (indicators) of sustaina-

bility is required.



A substantial amount of research has thus been conducted in order to build up composite
indicators or indices of sustainability. Accordingly, the criteria for the selection of meaning-
ful indicators and the requirements concerning normalization, aggregation and weighting of
the underlying variables have focused the attention of researchers. In this sense it is worth
quoting the works of Nardo ef al. (2008) for a general methodological discussion on the is-
sues arising from the construction of composite indicators and Bohringer and Jochem (2007)

for a link to the literature and a critical survey of the main sustainability indices.

In this paper we want to draw attention to a problem that remains even after individual
relevant indicators have been selected and normalized, which are preliminary stages neces-
sary towards the construction of a composite indicator. This problem is the selection of the
appropriate weights to be applied to these indicators, which are supposed to reflect their rela-
tive importance in a global assessment of sustainability. Researchers have traditionally opted
for one of the following three main approaches to weight selection for individual variables or
indicators. The simplest solution has been to arbitrarily impose specific weights, sometimes
granting equal weights to the different components, i.e., the type of practice that has been
followed in the construction of the Human Development Index (UNDP, 1990), which is cur-
rently calculated as the arithmetic average of three indicators, respectively related to life ex-
pectancy, education and GDP per capita. A second alternative has been to introduce social
preferences regarding the different dimensions of sustainability, an approach grounded on
the consideration of sustainability as a social construction (Gémez-Limoén and Sanchez-
Fernandez, 2010) that has frequently led to rely on experts’ opinion. While there are a varie-
ty of ways to summarize experts’ judgment, it is becoming increasingly popular to resort to
multi-criteria methods such as the Analytical Hierarchic Process based on an ordinal pair-
wise comparison of attributes (Saaty, 1980, 2001). Finally, a third approach is represented by
those researchers that prefer to avoid subjectivity in the determination of weights and pro-
ceed to determine them endogenously. One way of doing so is by performing Principal

Components Analysis (Jolliffe, 2002) on the original variables or indicators.

Our paper belongs to the research stream which aims to compute a weighting scheme for
indicators by using an endogenous or positive approach. Weights are derived from the data
without resorting to exogenous information or personal preferences. We are able to do so by
making use of Data Envelopment Analysis (DEA), which is a widely used technique based
on mathematical programming that allows to benchmark the performance of individual deci-
sion making units (DMUs) against frontiers of best practices based on the observed behavior
of other units (Cooper et al, 2007). Benchmarking establishes the basis for computation of
some measure of inefficiency for each DMU, also paving the way for some form of rank

ordering of the DMUs. Notwithstanding its usefulness to build up composite indicators, DEA



also has some shortcomings when employed to rank decisional units. For this reason, we
have combined DEA and Multi-Criteria Decision Making (MCDM) methods as our preferred

methodological approach in this particular case.

What we aim to demonstrate in this paper is the usefulness of a DEA-inspired methodol-
ogy when determining relative levels of farm sustainability, aggregating data from a set of
economic, social and environmental indicators into a single composite indicator. Afterwards
we also show how some relevant socio-economic variables may influence farm sustainabili-
ty, thus providing empirical evidence for the design of sustainability-enhancing agricultural
policy measures. As far as we are aware this is the first time that a DE4A-MCDA model has
been used to rank individual farms according to their sustainability, which may help policy-
makers to more efficiently address the issue of ‘greening’ agricultural policies. We apply our
methodology to a sample of farms belonging to an extensive rain-fed agricultural system on
the Spanish Northern Plateau that has undergone important structural changes in recent

times.

The rest of the article is organized as follows. Section 2 provides a review of the litera-
ture on DEA and the construction of composite indicators. Section 3 presents the sample and
describes how partial indicators of sustainability have been computed. Section 4 presents the
main findings for the estimates of sustainability and puts them into context. Section 5 is de-
voted to analyzing the determinants of sustainability. Finally, Section 6 summarizes and

concludes.

2. DEA as a tool for the construction of composite indicators
2.1. Adopting DEA for sustainability assessment

The basic theoretical framework underlying DEA is a production function, in which it is as-

sumed that a set of k = 1,...,K DMUs make use of a vector of inputs x = (xl,...,xM)e R to

produce a vector of outputs y = (y P ¥ R)e RX. The technology that allows the transforma-
tion of inputs into outputs is represented by an output correspondence which is a mapping
P:RY — P(x)g R¥, where the output set P(x) represents the set of all feasible vectors of

outputs y given a vector of inputs x. Furthermore, it is commonly assumed that the technolo-
gy satisfies the properties initially suggested by Shephard (1970). In a basic DEA model, the

efficiency of DMU, is defined by the maximum of a ratio that transforms inputs into outputs:
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The weights u,, and v,, are chosen in order to place DMU, under the most favorable
light, meaning that they are computed by maximizing its efficiency ratio. Therefore, weights
are peculiar for each unit and are selected according to the convenience of the DMU under
evaluation (DMU, in this case), subject to the constraints that the efficiency ratio of all
DMUs in the sample, computed with those weights, have an upper bound of one. According-
ly, the dominance of a DMU, over any other DMUJ, requires finding positive weights u,, and

Vmo Such that:

Zle u,y, — Zi‘::l L Zle u,y, — 2?::1 v, .x, . forall other DMU, (2)

Expression (1) can be also used to assess the relative performance of a decisional unit,
i.e. concerning sustainability, after a suitable transformation to a linear form has been under-
taken (see Cooper et al., 2007). The problem can be further simplified by assuming a single
input for each unit and making it equal to unity. In the context of production economics this
assumption implies that one input provides varying amounts of several services (Lovell et
al., 1995), or, as in this case, gives rise to different intensities in several features that are re-
levant for the assessment of sustainability. Thus, for DMU, the following model can be

computed:

R
Max//m ho = Z r=1 Iuro[ro
. R
Subject to: Y 1, <1 k=1,..K (3)
u,20 r=1L..,R

where I, stands for the value of indicator » for unit &, and w,, is the weight attached to indi-
cator r in the assessment of sustainability of DMU,. Notice that we use / as a substitute for y
as a reminder that we are no longer using outputs in our objective function, but measurable
attributes of the decisional units. Instead of measuring decisional unit efficiency in the input-
output transformation, the objective function now entails the achievement of the maximum
value for a composite indicator obtained from a set of indicators corresponding to different

facets of sustainability.



2.2. Weighting issues in DEA on constructing composite indicators

The DEA approach boasts important advantages as a basis for the measurement of sustaina-
bility. First, it can deal with a variety of value and physical data. This is important because of
the multifaceted nature of the concept of sustainability, which involves monetary-valued
economic indicators, but also social data and biophysical environmental variables employing
other measurement units. Second, it provides a built-in method of data standardization, as
decisional units are ranked from zero to one, according to their level of efficiency. And final-
ly, a priori exogenous information is not required to calculate weights, which are obtained
by solving individual linear program optimization. The ability of DEA-based models to build
up composite sustainability indicators that reflect a variety of economic, social, and envi-
ronmental factors has been shown by Callens and Tyteca (1999), who translate the efficient
or inefficient characterization of a decisional unit into sustainable and unsustainable. They
strike, however, a note of caution, warning that efficient by no means implies sustainable,
the former being only a necessary condition for the latter. Best practice is only a relative
concept while sustainability has to do with absolute magnitudes concerning the absorption
capacity of ecosystems. DEA remains, thus, an acceptable method to assess relative, not ab-

solute, sustainability levels and it is in this vein that we build up our sustainability indicator.

The strength of DEA lies in that it provides a reasonable method to detect inferiority de-
fined in broad terms, i.e., with regards to sustainability. But, let us maintain the conventional
use of the term inefficiency instead of inferiority: a decisional unit is judged inefficient when
it performs worse than its peers, even if contemplated under the most favorable idiosyncratic
set of weights. This benefit-of-the-doubt approach (Cherchye et al., 2007) fits international
multidimensional comparisons particularly well when the use of a fixed common set of
weights may prevent acceptance of the entire exercise by the national political authorities,
some of which can feel disadvantaged when comparing the performance of the concerned
member states within an international organization (Cherchye ef al., 2008). But DEA is not
so convincing when trying to discriminate within the sub-sets of efficient and inefficient
units. Each inefficient unit score is calculated in relation to a different set of efficient units
acting as a reference. It renders any direct comparison among inefficiency levels meaning-
less (Sinuany-Stern and Friedman, 1998, Kao and Hung, 2005), unless the units being com-

pared share the same reference set, which seems highly improbable.

As regards the units that are classified as efficient, the problem is that a decisional unit
could be deemed efficient because of a variety of spurious reasons. Maybe an excessive
number of inputs and outputs have been observed, in relation to the number of decisional
units, or an unrealistic extreme set of highly idiosyncratic and unbalanced weights has been

used. In the first case it has been recommended to use Principal Component Analysis in
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combination with DEA to reduce the problem of dimensionality (Adler and Golany, 2002),
but it is the second problem that has attracted more attention, leading to restrictions on
weights when using the multiplier version of the DEA model, and to the development of
non-radial models that can incorporate all the sources of inefficiency when using the enve-

lopment version (Silva-Portela and Thanassoulis, 2006).

The shortcomings of DEA when ranking decisional units have been recognized in the li-
terature, which has also proposed a variety of ways to deal with this problem (Sarkis, 2000;
Adler et al., 2002; Angulo-Meza and Estellita-Lins, 2002; Kao and Hung, 2005; Podinovski
and Thanassoulis, 2007). Restricting flexibility in the selection of weights is an option that
has been repeatedly mentioned. The original DEA model (Charnes et al., 1978) excluded
zero weights through the incorporation of a non-Archimedean small number which assures
that all inputs and outputs are used in the computation of the efficiency measures. But there
is no way to determine what value this parameter should exactly take, because different val-
ues would give rise to different results. Instead, other methods, referred to as the Assurance
Region and the Cone Ratio, have been employed to restrict the domain of the weights or
multipliers (see Cooper et al., 2007 for an explanation). Value judgments have sometimes
been used to provide prior information and set up restrictions on weights, as in Shang and
Sueyhoshi (1995), who combine the use of Analytical Hierarchic Process —for the selection
of the upper and lower bounds restricting the weights—, and the cross-efficiency matrix me-
thod.

Cross-efficiency was originally proposed by Sexton (1986) and Sexton ef al. (1986) and
has become a relatively popular method to rank efficient DMUs. In essence, the cross-
efficiency method enlarges the number of different sets of multipliers that determine the ef-
ficiency ranking of a DMU. The DMU being ranked is not only contemplated under its own
most favorable set of weights, but also according to the sets of multipliers that have been
chosen in the first place as the most favorable for the others DMUs. Then, a matrix is con-
structed to show the ratings achieved by each DMU under the optima input and output mul-
tipliers of the others and an average efficiency figure is computed. Recently, new proposals
have been made to improve the selection of suitable weight sets to be used in computing

cross-evaluation (Lam, 2010).

More simple methods have also been suggested to compensate for the use of potentially
unbalanced weights. One of these seeks to combine two different indexes to form a compo-
site indicator (Zhou et al., 2007). The first index is obtained by adopting a model that helps
each DMU to select the best set of weights to assess its performance vis-d-vis the others,
while the other selects the worst set of weights. Then both are combined using a parameter

that changes according to the preferences of the analyst. Benchmarking, originating in Tor-
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gersen et al. (1996), has also been a popular approach. It consists in ranking an efficient unit

according to its frequency of appearance in the reference sets of inefficient DMUs.

Andersen and Petersen (1993) introduced a technique called Super-efficiency Analysis,
which relaxed the upper bound of one for efficient units in the multiplier version through the
exclusion of the unit being evaluated from the constraint set. Recently Nahra ef al. (2009)
claimed that this method has significant advantages over traditional DEA scores. Finally,
other authors, starting with Friedman and Sinuany-Stern (1997), have applied multivariate

statistical tools to achieve a complete ranking of DMUs.

2.3. Linking DEA and MCDM for constructing composite indicators

One stream of the literature pursuing better discrimination among decisional units and solv-
ing the problems created for the selection of unrealistic weights has profited from the links
between Data Envelopment Analysis and Multi-Criteria Decision Making (MCDM) tech-
niques. The literature has recognized for a long time now that MCDM and DEA formulations
are deeply related (Joro et al., 1998) and may even coincide if the input and output vectors
employed in the DEA context are contemplated as vectors of attributes or criteria for evaluat-
ing DMUs, and output maximization or input minimization are viewed as the associated ob-
jectives. As an example, DEA and MCDM parallelism has been used to estimate the weights
of different objectives for decision-makers (André at al., 2010). The multiplier formulation
of DEA, based on the ratio between a weighted sum of outputs and a weighted sum of inputs
for the DMU that is being analyzed, may therefore be seen as a value function under the
MCDM perspective. This value function aggregates inputs and outputs into a single measure
of worth (Stewart, 1996).

The utilization of multi-criteria decisional methods has created a new path to solving the
problems posed by conventional DEA models in ranking DMUs. They have improved the
discriminating power of DEA through the introduction of multiple criteria concerning effi-
ciency measurement, while preserving the same set of constraints. Golany (1988) seems to
be the first researcher to have proposed the integration of DEA and multiobjective program-
ming, a specific branch of MCDM, to find common weights. Later on, Li and Reeves (1999)
proposed a Multiple Criteria Data Envelopment Analysis (MCDEA) model that makes use of
minimax and minsum-type objective functions, together with the classical objective function
in DEA:
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In this model u,, and v,, are decisional variables. The first objective is the classical ob-
jective appearing in the DEA multiplier model, with d, representing deviation between the
weighted sum of outputs and the weighted sum of inputs of DMU, and taking values be-
tween zero and the unity. Accordingly, DMU, is deemed efficient if d, = 0, or, equivalently,
if h, = 1. Variable D, in the second objective represents the maximum value that can be
reached across all dj deviation variables. The third objective function accounts for summa-
tion over all d;. Efficiencies defined under the second and third objective are far more de-
manding than under classical DEA criterion. Achieving d, = 0 under DEA-efficient criterion
does not imply efficiency under the minimax or minsum criteria but, by definition, minimax

or minsum efficiency requires d, = 0.

The utilization of minimax or minsum criterion yields a fewer number of efficient units
and allows less flexibility in the allocation of input and output weights than conventional
DEA. As a result, the discriminatory power of the model improves in comparison with the

conventional DEA model in (1).

While several methods have been developed to discriminate between efficient units, a
problem remains concerning the ranking of inefficient units. A solution based on obtaining a
structure of common weights has been proposed to achieve a complete ranking of all DMUs.
Again, multi-objective programming has been put to use in combination with DEA. More
specifically, compromise programming has been employed (Kao and Hung, 2005; Despotis,
2002, 2005; Chen et al., 2009; Zohrehbandian et al., 2009), with a two-step procedure. The
first step is to select a reference point, represented by a vector of efficiency scores. Some
researchers chose that point by allowing each DMU to select the weights that maximize its
efficiency score, using model (3). The second step consists of computing a set of common
weights in such a way as to minimize the distance between the corresponding efficiency

scores and the ideal or more favorable ones that have been chosen in step one.



In compromise programming an ideal solution is defined as that which would simulta-
neously optimize each objective individually, and is generally not feasible (Cohon, 1978). In
order to determine the degree of proximity between both sets of efficiency scores, a genera-

lized family of distance measures (Zeleny, 1974) is applied:

1

dP:[Zk[il(h;_hk)P]p le (5)

where p represents the distance parameter, & stands for the ideal or reference efficiency
score, and /4 for the score calculated under common weights. Changing the value of the p
parameter, different distance metrics come into play and also different objectives can be
formulated. Within the MCDM literature, some researchers have made use of this family of
distance norms to seek a balance between environmental and economic objectives (Romero,
1996) and to explore compromises between alternative definitions of sustainability for natu-

ral systems (Diaz-Balteiro and Romero, 2004).

Following this methodological stream, Despotis (2002, 2005) introduced the Global Effi-
ciency approach, which seeks to find a common set of weights, assessed across all the
DMUs, to achieve global efficiency scores. In the process, the minimax and minsum objec-
tive functions, formerly described in model (4), are now combined additively. The author’s
original model was not linear, but after suitable transformations, Despotis (2005) proposed

the following linear program:

Min, , . t% P d o+ (1-1)z

Subject to: Zi] wl,+d, =h k=1..K
(d,-2)<0 k=1,..K (6)
d, 20 k=1,..K
M2
z20

£ being a non-Archimedean small number which assures that all attributes /. are used in the

computation of the sustainability scores.

The first term of the objective function, when considered on its own, represents the mean
deviation between the DEA-efficiency scores, namely /; (computed with the most self-
favorable weights for each DMU), and the global efficiency scores for all units, whereas the
second term represents, through the non-negative variable z, the maximal deviation between
the aforementioned efficiency scores. Different sets of common weights are generated by
varying the parameter ¢ between 0 and 1, thus granting more or less relative importance to

the norms respectively implied by the first and second terms of the objective function. Each
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value of the parameter ¢ may produce a different set of common weights for inputs and out-

puts, thus generating a different global efficiency pattern.

When ¢ takes the value 1 the parameter p takes the value 1 in the aforementioned family
of distance functions (5). It does correspond to the norm L; (city-block or Manhattan concept
of distance). The objective function now solely consists of the minsum objective. When ¢
takes the value 0, then we are operating with norm L., (Tchebychev distance) because para-
meter p equals o in formula (5). It means that minimax becomes the sole objective function.
A series of alternative ranks can thus be obtained, according to different ¢ values, and all

DMU s can then be ranked with regards to their average global efficiency score.

Finally, and prior to the calculation of the sustainability scores as proposed by expression
(6), the benefit of the doubt scores of sustainability need to be obtained using a DEA model
which allows for idiosyncratic weights. In order to do so, in this paper we propose using the
additive output-oriented Slacks-Based Measure (SBM) model introduced by Tone (2002),
which integrates radial efficiencies as well as slacks into a single scalar measure of efficien-
cy. Formally, the DEA-based score of performance for DMU,, namely variable ho*, com-

puted with the most self-favorable weights for this unit comes from the following program:

1

K =Min/1k,5? S E—
1+Ezrzls:/1m
Subject to : x, > Zle Ax,
L,=X" A1, -s r=1,..,R (7)
A4 20 k=1,...K
5720 r=1,...,R

where s, is the slack in the indicator of sustainability », and A; measures the intensity with
which DMU; enters in the composition of the efficient reference set to which DMU, is being
compared. Furthermore, the parameter /4, is upper bounded to one, with a unity score indi-

cating the best performance.

Resorting to the calculation of common weights to increase discrimination between deci-
sion units, within a DEA-MCDA aggregation framework, as in Despotis (2002, 2005), has
introduced a new perspective in the calculation of sustainability composite indices. As far as
we are aware this procedure has not been previously applied to the assessment of farm-level
sustainability. Also, the employment of a slacks-inclusive measure of efficiency in the first
step of our DEA-MCDA analysis avoids the shortcomings of radial efficiency measures in
the computation of benefit of the doubt sustainability indicators, contributing to an improved

definition of the aforementioned ideal or reference efficiency score.
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3. Data and sample: Computation of indicators of sustainability
3.1. Rain-fed agriculture in Campos County (Spain)

The empirical application of the methodology proposed has been implemented on a repre-
sentative sample of 163 farms belonging to the rain-fed agricultural system of Campos
County', in the province of Palencia, located in the central part of the Spanish Northern Pla-
teau (about 800 m.a.s.l.). Characterized by a continental climate, production in the region is

mainly based on annual extensive crops, particularly winter cereals.

This county has a surface area of 304,483 hectares, of which 86% (261,505 hectares) is
considered as utilized agricultural area (UAA). Rain-fed lands account for 83% (254,992
hectares) of this UAA4, the major crops being barley (52%), wheat (26%), alfalfa (5%), sun-
flower (4%), oats (4%) and pulses (3%). We chose this agricultural system for our case study
firstly due to practical interest, bearing in mind that it can be treated as a representative case
of extensive (low-input-low-output) agriculture, where environmental functions play a rele-
vant role (Kallas ef al., 2007). The second reason is that the farms are relatively uniform (all
of them operate under the same edafo-climatic, market and legal frameworks) and that data

are readily available, both factors being advantageous for sustainability analysis.

3.2. The selection and computation of indicators of sustainability

In order to develop the sustainability assessment proposed for the aforementioned case
study, the first stage was to select a set of indicators that cover the three components of sus-
tainability: economic, social and environmental. For this purpose, a general catalogue of
indicators of agricultural sustainability for each of the dimensions of sustainability was built.
This catalogue was based on an extensive review of the literature, from which we gathered
the indicators utilized in previous studies carried out by both institutions and individual re-
searchers. On the basis of this catalogue, the selection of the most appropriate indicators was
undertaken by a panel of 16 experts (seven university researchers, five agricultural public
servants and four agricultural extension officers) chosen on the basis of their broad know-
ledge of the agricultural system analyzed and the different dimensions of sustainability. In
order to select the indicators, the experts followed the criteria of analytical soundness, mea-
surability and policy relevance suggested by Sauvenier et al. (2006). Furthermore, experts

were also asked to follow the pragmatic criterion of ‘economic valuation’ proposed by Pan-

' The case study considered in our research is based on the same dataset as that in Gomez-Limén and Sanchez-
Fernandez (2010). However, these authors follow a rather different methodological stream, using Principal
Component Analysis and Analytic Hierarchy Process as weighting techniques to compute composite indicators
of sustainability. Furthermore, they employ a fairly different approach to determine the factors influencing
farm-level sustainability.
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nell and Glenn (2000). Thus, the only indicators to be chosen were those capable of being

calculated easily and cheaply through the information provided by agricultural producers.

After employing this procedure, we finally obtained a set of 12 indicators’: three indica-
tors for the economic dimension (Income of agricultural producers -INCOME—, Contribu-
tion of agriculture to GDP —CONTGDP—- and Insured area —INSUAREA), four for the social
component (Agricultural employment —AGRILABO—, Work-force stability —LABOSTAB-,
Risk of abandoning agricultural activity —RISKABAN— and Economic dependence on agri-
cultural activity -ECODEPEN) and five environmental indicators (Soil cover —SOILCOV—-,
Nitrogen balance ~NITROBAL—, Pesticide risk —~PESTRISK—, Energy balance ~ENERGBAL—
and Environmental subsidy areas —~AGROENYV)). A brief explanation of the definitions and
significance of each of the indicators chosen can be found in Table 1. Further technical de-
tails regarding why each indicator was chosen and how they were calculated can be found in
Sanchez-Fernandez (2009).

Table 1. Sustainability indicators. About here

The abovementioned indicators have different measurement units, so we decided to use a
normalization procedure. Selecting a suitable method for normalization (see Nardo et al.,
2008 for a review) is no trivial affair and warrants special attention, as different normaliza-
tion methods can yield different results (Ebert and Welsh, 2004). Among the various norma-
lization techniques available, we employ re-scaling or ranging normalization. The formulas
used are the following (Nardo et al., 2008):

(Crk - Cr min )
[, =~ Zrmin) 8
" (Cr max Crmin ) ( )
(Cr max Crk )
[ =——""- 9
" (Cr max Crmin ) ( )

where 1,; and C,; are, respectively, the normalized and crude values of indicator r for farm £,
while Cimin and Cmax are, respectively, the minimum and maximum crude values of indica-

tor k£ found in the sample of farms considered.

2 While Gémez-Limén and Sanchez-Fernandez (2010) make use of 16 base indicators to compute their com-
posite sustainability indicator, we only use 12 of these base indicators. The reason is twofold. First, one indica-
tor in Gomez-Limo6n and Sanchez-Fernandez (2010) that refers to the sustainable use of irrigation water has
been dropped, as we only deal with rain-fed farms. Second, we have excluded another three less relevant indi-
cators in order to increase the discriminating power of our DEA-based models. Even after having reduced the
number of base indicators, the problem of lack of discrimination still remains, as mentioned later on. However,
this problem can be now overcome by combining DEA and MCDM techniques.
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Expression (8) is used in the cases where indicators mean ‘the greater the crude value
is, the more sustainable the farm> (INCOME, CONTGDP, INSUAREA, AGRILABO, RISKA-
BAN, ECODEPEN, SOILCOV, ENERGBAL and AGROENYV). On the contrary, expression
(9) is used when indicators mean ‘the lower the crude value is, the more sustainable the
farm’ (LABOSTAB, NITROBAL and PESTRISK). Thus, following this procedure, the values
of the normalized indicators (/,4) vary within a dimensionless range [0,1], whereby 0 corres-
ponds to the worst possible value of the indicator (the least sustainable) and 1 to the best (the

most sustainable).

3.3. Data gathering

We have relied on the data provided by an ad hoc survey as the main source of primary in-
formation to calculate the variables mentioned above. With this purpose, a specific question-
naire was designed including relevant information concerning productive processes (tech-
nology and inputs used and output obtained for every crop grown), as well as farm and far-

mer features as explanatory variables of sustainability used in a second stage analysis.

The universe of this survey was the 3,960 farms that, according to the last Agricultural
Census, operate in Campos County. Given the difficulty of implementing random sampling,
stratified sampling was chosen based on the affiliation of these producers to farmers’ unions
(ASAJA, UPA and COAG). The survey was completed by personal interviews during the
period where farmers went to union offices in order to fill in forms to obtain Common Agri-
cultural Policy subsidies and payments (March-April, 2008). Following this procedure, 163

valid questionnaires (farms) were finally obtained.

The primary information supplied by the survey has been complemented with secondary
additional information in order to calculate individual farm values for each indicator. This
information has been mainly collected from scientific literature (technical coefficients), al-
though official statistics and legal documents have also been used. Tables 2a and 2b depict a

summary descriptive analysis of these variables.

Tables 2a and 2b. Sample description. About here

4. Results: Ranking farms in Campos County with a DEA-MCDM approach

This section presents and discusses our estimates of sustainability. Composite indicators of
sustainability have been computed at the farm level aggregating the indicators described
above according to model (6). Previously, the benefit of the doubt scores of sustainability

allowing for idiosyncratic weights have been computed using model (7).
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Following the methodology commented above, first, dimensional composite indicators
have been built for economic, social and environmental sustainability, considering in each
case only the indicators chosen for each of these dimensions. In a second step, a global com-
posite indicator of sustainability has been also assessed, considering all the indicators se-

lected for integrated sustainability assessment.

Before commenting on the results of these composite indicators, it is worth remembering
that an infinite number of solutions (scores for the composite indicator) for model (6) is
possible depending on the metric considered, i.e., the value given to parameter ¢. In order to
illustrate this point, Figure I shows how the score of the global composite indicator varies

for two particular farms when ¢ is parameterized.
Figure 1. Scores of the global composite indicator depending on the value of t. About here

As explained above, different values of ¢ involve different proprieties of the composite
indicator being calculated, all of which are equally relevant from a technical point of view
(no single value of this parameter can be considered as the ‘right’ one). In any case, it is
worth obtaining a single score for the composite indicator so as to simplify the analysis.
With the purpose of aggregating all these alternative composite scores depending on ¢ into
one sole score of sustainability, Despotis (2002) proposes obtaining an equal number of dis-
tinct composite scores for each DMU and then to take the average value as the unique sustai-
nability score. However, this approach could lead to different results depending on the spe-
cific composite scores (values of #) considered for assessing the average. In an attempt to
avoid this source of subjectivity, in this paper we propose considering the value of the defi-
nite integral of the composite indicator from /=0 to /=1 as the sole aggregated index. The
resulting value of this integral corresponds with the area below the line representing the val-

ue of the composite indicator, as plotted in Figure 1.

Such integration can be calculated numerically, considering numerous enough scores for
the composite indicator along the range [0,1] of ¢. For our case study, we have computed
composite sustainability scores allowing the parameter ¢ to vary between 0 and 1 at intervals
of 0.01. As a result, we have obtained up to 101 sets of estimates of sustainability for each

farm and composite indicator. The values obtained following this calculus are reported next.

Summarized descriptive statistics for the composite indicators assessed can be observed
in Table 3. Each composite indicator for a specific dimension of sustainability has been
computed independently, using the corresponding set of variables, as displayed in the Table.
The global sustainability indicator makes use of all 12 variables. It is important to note that
after applying model (7), a total of 94 farms out of 163 are tied with scores equal to unity for

the global sustainability indicator. Solving this lack of discrimination is one of the advantag-
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es of using the DEA-MCDA model for the computation of common weights. In fact, not a

single tie appears in the ranking performed with model (6).
Table 3. Descriptive statistics for dimensional and global sustainability. About here

Regarding the values achieved for the global sustainability composite indicator, it is
worth highlighting that these scores are distributed with a mean of 0.561 and a standard dev-
iation of 0.098. In this sense, it is noteworthy that although all farms operating within a par-
ticular agricultural system share the same edafo-climatic (crop alternatives), technological
(productive options), market or legal frameworks, they can be relatively heterogeneous in
terms of sustainability performance (see Fig. 2 for our case study). This reflects the crucial
role of farmers’ productive decisions, which finally determine the level of sustainability of
each individual farm. Thus, there is room to incentivize agricultural producers to modify the
way they manage their holdings through appropriate policy instruments in order to upgrade

their sustainability performance.

Fig. 2. Cumulative probability of the global sustainability composite indicator. About here

Once the dimensional composite indicators have been calculated, the next question posed
is whether all these indices rank the farms analyzed in a similar way. For this purpose, we
have used the Spearman’s rank correlation coefficient, verifying the statistical dependence of
the different dimensions of sustainability two by two. If this is the case, we could confirm
which dimensions are complementary or, in contrast, which are in conflict. The results

achieved in this sense are shown in Table 4.
Table 4. Spearman’s rank correlation coefficients. About here

Results show how economic and environmental composite indicators are correlated posi-
tively and significantly. This could suggest that most farms in our sample are inefficient
from both economic and ecological points of view, that is, they are able to decrease the cur-
rent use of inputs and environmental pressure (an improvement in environmental sustainabil-
ity) while still maintaining profits (economic sustainability). That is, steps towards extensifi-
cation would be worth taking as a measure to increase both economic and environmental
sustainability. As will be commented next, farm size is probably the variable that links
farms’ economic and environmental performance in this agricultural system (smaller farms
do not achieve the economies of scale required to be efficient from an economic and envi-
ronmental perspective). However, further analysis should be performed in order to confirm

these hypotheses, such research being far beyond the scope of this paper.

Furthermore, it is also worth indicating that the social composite indicator is negatively

correlated with the economic and environmental dimensions of sustainability. In order to
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explain this fact, it is essential to take into account the particular features of this agricultural
system. As in other similar low-input-low-output agricultural systems worldwide, the ana-
lyzed area is undergoing a profound process of structural adjustment, characterized by rising
capital/labor ratios and the enlargement of agricultural holdings (Moreno-Pérez and Ortiz-
Miranda, 2008). Both features, larger and more mechanized farms, are prerequisites to main-
tain farms in the agricultural business. Farms failing to successfully adapt to this process
have disappeared3. Within this framework, it is easy to understand how most of the more
labor-intensive (more socially sustainable) farms perform disappointingly from an economic
point of view (economic sustainability), taking into account that labor productivity falls in
these cases below current wages (with labor provided by salaried workers) or below oppor-
tunity costs (with own-family labor). Furthermore, these more socially sustainable (labor-
intensive) farms normally grow more intensive crops, thus generating higher environmental

pressure (lower environmental sustainability).

Finally, as is logically assumed, we can see that all single-dimensional composite indica-
tors are positively correlated with the global sustainability composite indicator. However this
correlation is not significant for the social dimension. This is probably because of the exist-
ing trade-offs between economic and environmental sustainability on the one hand and social

sustainability on the other.

5. Explaining farms’ sustainability

In the empirical literature on performance assessment, it has been common practice to per-
form analyses aimed at investigating the determinants of performance. Our interest here is
also to explore the factors that might explain sustainability in the agricultural system of
Campos County. In doing so, we make use of the procedure proposed by Simar and Wilson
(2007) based on truncated regression and bootstrapping techniques to explain the composite
indicator of global sustainability. With the purpose of accommodating our analysis to the
left-truncated distribution functions developed in Simar and Wilson’s paper, the variable to
be explained is the inverse of the scores of global sustainability*. Thus this transformed vari-
able ranges from one to infinity, the higher the value the less sustainable or, in other words,

the more unsustainable.

3 In fact, the number of holdings in the Autonomous Region of Castilla y Leén has declined dramatically in
recent years. According to official data (National Statistics Institute (/NE): http://www.ine.es/), in 1999 there
were 175,454 farms in this region, while in 2007 there were only 93,142. This implies a decrease of 47% in the
number of agricultural holdings over this period.

* Picazo-Tadeo and Garcia-Reche (2007) and Picazo-Tadeo ef al. (2009) use a similar transformation.

17



That said, explaining farmers’ sustainability requires taking the following steps. In the
first place, maximum likelihood needs to be used to obtain estimates of #and o, in the trun-
cated regression of the inverse of the sustainability scores estimated with DEA-MCDM tech-
niques on a set of covariates z, using the subset i = 1,...,N of inefficient observations, i.e.,
observations with a score of sustainability smaller than one or, in other words, an inverse of

this score greater than one. Formally:

1
(SUSTAINAB[LITY)Z. 2B (10)

Secondly, the following three steps need to be repeated L times to obtain a set of boot-
strap estimates of f and ;. Step one consists of drawing 7; for each i = 1,..., N from the

following normal distribution:
N(O,é';) left truncated at point (]-zi,é) (11)

Step two requires computing, yet again for each i = 1,..., NV, the following expression:

1 A
=z.p0+n 12
(SUSTAINABILITY 1 A (12)

In step three, maximum likelihood is used to estimate the truncated regression:

s

1
(SUSTAINABILITY 1 2B (13)

Jointly, steps one to three yield the following set of bootstrap estimates of fand o,

L

5[ (4))] 04

b=1

Finally, values in B and the original estimates are used to construct estimated confidence

intervals for #and o,

Concerning the environmental features capable of influencing sustainability, we include
frequently used structural variables such as age, farm size, level of education, specific pro-
fessional training of farmers and membership of agricultural cooperatives.” Besides, the
number of replications in the bootstrap procedure has been settled equal to 1,000. Table 5

displays the estimated parameters (column 1) and their confidence intervals (columns 2 to 5).

> Other variables representing the percentage of income derived from farming or the percentage of farm surface
area subjected to agri-environmental programs had to be omitted from bootstrapping because of their highly
positive correlation with farm size.
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Table 5. Truncated regression. Bootstrapped confidence intervals. About here

The results obtained show different significant relationships. Before commenting on these
relationships, and in order to interpret the signs of the estimated parameters in the truncated
regression correctly, let us recall here that what we are explaining is the inverse of the scores
of global sustainability. That said, in the first place it can be verified that global sustainabili-
ty rises as farm size increases. The fact that larger farms are more sustainable can be ex-
plained by: a) the existence of economies of scale in agricultural production, which makes
for more efficient production (Alvarez and Arias, 2004; Karagiannis and Sarris, 2005) and,
therefore, greater economic sustainability, b) the development of a more diversified range of
crop-mixes (more stable work-load over the year) and the generation of sufficient income to
permit the continuity of agricultural activity, allowing for greater social sustainability (Mo-
reno-Pérez and Ortiz-Miranda, 2008), and c) higher generation of environmental benefits
because of the more extensive productive techniques implemented (Burton and Walford,
2005; Cahill and Hill, 2005) and the higher degree of participation in agro-environmental
programs (Atance and Barreiro, 2006; Vanslembrouck et al., 2002). Campos County is an
area where Agricultural Censuses have shown a trend in the last twenty years towards in-
creasing farm size, through farm amalgamation. Larger farms have become more diversified
than smaller ones and have adopted some environmentally friendly cultivation techniques,
such as conservation tillage and the abandonment of the moldboard plow (Moreno-Pérez and
Muioz, 2007). These techniques have improved the ability of the Campos agricultural sys-
tem to protect the habitat of threatened bird species, such as the great bustard or Otis tarda
(Palacin ef al., 2003), with more than half of the world population living in Spain, and par-

ticularly in the cerealist steppes of the Northern Plateau.

Second, global sustainability improves when the level of specialized training in agricul-
ture is intermediate or advanced. The results show that farms of producers who have taken
professional training courses or have a university degree in agriculture are significantly more
sustainable than those belonging to farmers who have not taken any specialist courses.
Hence, the level of technical knowledge acquired should be analyzed as an indicator of the
professionalism and specialization of farmers. We may therefore assume that as the level of
technical knowledge of producers rises, they will be able to run their farms better, making
them more profitable and eco-compatible (Phillips, 1994; Atance et al., 2006).

Third, the global sustainability composite indicator also increases when the farm-owner is
a member of an agricultural cooperative. Here we can note the important role played by co-
operatives in farm management, such as a) supplying inputs, b) commercializing harvests
and c) providing technical advice. We may therefore assume that cooperative membership

enables the farmer to improve both economic returns and environmental sustainability (op-
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timization of the use of resources through applying external technical expertise), as shown in
Valentinov (2007).

Fourth, it is also worth mentioning that sustainability decreases when the farmer has a
higher level of education. This may seem to be counter-intuitive, although an explanation
can be given. More educated people in Spanish rural areas, particularly those with university
degrees in non-agricultural subjects, tend to be engaged in non-farming sectors, where reve-
nues and social prestige are higher (Goémez-Benito et al., 1999). Particularly in the case of
young rural women in Spain, it has been ascertained that access to higher education has di-
rectly led to abandonment of rural professional careers (Diaz, 2006). Within this general
trend, there are still some educated people managing farms. However, we should not expect
them to manage their own farms particularly well. There may be many reasons for this, of
which the most important may be a lack of vocation or interest (they failed when trying to
get a better job outside agricultural sector), or absenteeism (i.e., living at some distance from

their farms in order to practice their main profession).

6. Conclusions and policy implications

Defining farming sustainability indicators at national or regional level is no longer appropri-
ate when indicators are intended to yield information regarding the economic, social and
environmental value of particular agricultural ecosystems. Therefore, the need to collect and
use farm or local farming system-specific sustainability indicators has been widely recog-
nized in the literature. Data Envelopment Analysis (DEA) is particularly well suited to de-
termining relative levels of sustainability, because it can easily deal with multi-faceted
attributes of decision making units (DMUs), operating an endogenous procedure to the com-
putation of weights for each of these attributes. This technique has been widely used to ag-
gregate indicators under a benefit of the doubt approach (Cherchye et al., 2007). Neverthe-
less, a conventional DEA model only establishes a dichotomy in the classification of DMUs,
as belonging to the efficient or inefficient sub-sets, and does not allow for a complete rank-
ing of them, because it fails to discriminate among units within each of these two sets. The
main contribution of this paper is to show how a composite sustainability indicator can be
built up to obtain a complete ranking of individual farms, by using endogenous common
weights for a set of economic, social and environmental indicators. This type of aggregation
is achieved through a two-step model that combines DEA and Multi-Criteria Decision Mak-
ing (MCDM). Unlike other researchers (Despotis, 2002, 2005), we compute a non-radial
DEA model in the first step of our analysis.

This DEA-MCDA model is applied to a sample of 163 farms in a rain-fed farming system
on the Spanish Northern Plateau (Campos County), using 12 economic, social and environ-

20



mental indicators. Our model perfectly ranks all farms, with no ties, and establishes a posi-
tive rank correlation between the economic and environmental facets of sustainability at
farm level. In contrast, the social composite indicator is negatively correlated with the eco-
nomic and environmental indicators. Moreover, we have aimed to determine, using boot-
strapping techniques, some important determinants of farm-level sustainability. Sustainabili-
ty rises as farm size increases, as farmers are endowed with intermediate or advanced agri-
cultural-specific levels of education and with membership in agricultural cooperatives. Sur-
prisingly, sustainability decreases with a rise in farmers’ general level of education, but we
believe in this case that education acts as a proxy for part-time farming and absenteeism,
given that farmers with non-agricultural university degrees are prone to pursuing non-

agricultural careers, managing their farms with less professional care.

We believe that our findings offer substantial insight into the empirical assessment of sus-
tainability at farm level, which is a topic full of practical consequences for policy-making.
Policy-makers may need farm-level indicators for a variety of reasons, including the evalua-
tion of competing green claims from the farming community and detecting the need for new
policies to mitigate the environmental impacts of agricultural policies (Russillo and Pintér,
2009). Ideally, public policies intended to improve the farmer management of rural resources
should adopt payments directly linked to the level of countryside services provided by lan-
downers, which will vary according to different land uses. Therefore, a need arises ‘to identi-
fy indicators that can proxy for bundles of countryside services and to link payments to
them... [and] policy mechanisms will often be linked to agricultural input use, processes and
activity levels rather than directly to the output of countryside services’ (Hodge, 2000: 269;
271). More specifically, a scoring system based on reliable sustainability composite indica-
tors may reduce transaction costs in the implementation of governmental contracts with far-
mers. This is a topic of paramount importance as institutionalization of environmental con-
tracting, or ‘paid stewardship’ for farmers, is one of the main directions taken by the Euro-

pean agri-environmental policy (Latacz-Lohmann and Hodge, 2003).

Furthermore, sustainability indicators can also help to monitor the environmental and so-
cial consequences of structural changes in farming and to design policy packages to boost
sustainable rural development. This is particularly important in the Spanish cerealist pseudo-
steppes, like Campos County, where both intensification pressure, through irrigation, and
abandonment of marginal lands would result in a loss of biological diversity (Suarez et al.,
1997). Our empirical findings support the idea that farm size, farmers’ membership of coop-
eratives and intermediate and advanced specialized agricultural education and training all
exert a positive influence on farm sustainability. Therefore, policy-makers may wish to make
use of structural agricultural policies to raise the sustainability of the analyzed dry land agri-

cultural system by promoting farm-amalgamation and partnerships between farmers, and by
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expanding intermediate and advanced agricultural technical education and training. Larger
farms are clearly more diversified than smaller ones in Campos County and apply more envi-
ronmentally friendly cultivation techniques, membership in farm cooperatives positively
influences management quality, and intermediate and advanced specialized agricultural edu-
cation also help farmers to run more sustainable farms. Our paper therefore shows that com-
puting composite sustainability indicators constitutes a first step in the design of policy

measures aimed at boosting sustainability at farm and local-farming system level.
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Table 1

Sustainability indicators

DIMENSION INDICATOR DEFINITION
Income of agricultural A farmer’s income may be estimated via a short-term analysis using the gross profit made by the farm (i.e. the difference
producers (INCOME) between income and variable costs). This indicator is measured in €/ha.
Economic Contribution of agriculture  This indicator measures the wealth generated by agricultural activity for society as a whole and is equivalent to agricultural
to GDP (CONTGDP) income minus subsidies: also measured in €/ha.
Insured area This indicator reflects the stability of farmers’ profitability in the face of hypothetical losses due to unanticipated external
(INSUAREA) events. It is quantified as the percentage of the farm area covered by a yield or income insurance.
Agricultural employment ~ Agricultural employment is an indicator of the social implications of agriculture in the provision and distribution of income.
(AGRILABO) This indicator is quantified in terms of hours of work per ha.
Stability of work-force The stabil'ity of the workforce has been quantified as the percentage of lab.or demanded during. cr.itic.al periods (the three
(L ABOST AB) months with highest labor requirements) over the total use of labor. The higher the value of this indicator, the less stable the
population in rural areas.
Social Risk of abandonment of The continuity of agricultural activity depends on a) the farmer’s age and b) the profitability of the farm. This index was
agricultural activity therefore constructed to range from a maximum of 1 (farmer less than 55 years old and above-average income) to a mini-
(RISKABAN) mum of zero (farmer more than seventy years old and below-average income).

Economic dependence on

agricultural activity
(ECODEPEN)

This indicator quantifies the total percentage of the farmer’s income derived from agriculture. As his financial dependence
on this activity increases, so does the stability of the rural population.

Soil cover
(SOILCOV)

The soil cover indicator represents the number of days of the year on which vegetation covers the soil. Taking into account
that rain is the most relevant erosion agent in this region (rainfall concentrated both in autumn and throughout the year as
scattered heavy rains), it is assumed that the higher the value of this indicator, the greater the protection it affords against
erosion.

Nitrogen balance
(NITROBAL)

The difference between the nitrogen contained in the inputs (fertilizers) and outputs (crops) is measured in kg N/ha. The
difference between these two values gives us the amount of nitrogen released to the environment every year.

. Pesticide risk
Environmental

This indicator provides information about the overall toxicity released into the environment through the pesticides used in
agricultural production. This toxicity has been estimated by adding the potential lethality of live organisms (measured

(PESTRISK) through the Lethal Dose 50 or LD50) of the different active matters used, measured in kg of rat per hectare. Thus, as the
value of this indicator rises, the biocide effects of the farming sector also increase.
Energy balance The energy balance of a farm measured in terms of kcal/ha can be calculated employing the input/output focus. The higher
(ENERGBAL) the value of this indicator, the more sustainable the farm is from an environmental perspective.

Agro-environmental subsidy
areas (AGROENV)

Four different agro-environmental schemes are available for rain-fed lands: 1) environmental fallow, 2) ecological agricul-
ture, 3) extensification scheme to protect flora and fauna and 4) scheme for sunflower. Farmers subscribing these contracts
are subjected to the strictest environmental requirements of the agricultural code of practices. Hence, the percentage of the
area of the farm devoted to programs of this type is a good indicator of the maintenance of biodiversity.
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Table 2a

Sample description (continuous variables)

CRUDE VALUES NORMALIZED VALUES

Standard Standard
Mean deviation Mean deviation
INDICATORS OF SUSTAINABILITY
Economic indicators
Income of agricultural producers (/NCOME in €/ha) 306.2  (110.1) 0.534  (0.156)
Contribution of agriculture to GDP (CONTGDP in €/ha) 126.3  (102.3) 0.466  (0.166)
Insured area (INSUAREA in %) 64.9 (42.7) 0.649  (0.427)
Social indicators
Agricultural employment (AGRILABO in hours/ha) 7.6 (1.5) 0.280  (0.142)
Stability of work-force (LABOSTAB in %) 43.4 (10.4) 0.480  (0.213)
Risk of abandonment (RISKABAN in 0-1 scale) 0.137  (0.214) 0.195  (0.300)
Economic dependence (ECODEPEN in %) 86.4 (25.0) 0.864  (0.250)
Environmental indicators
Soil cover (SOILCOV in %) 70.4 (7.7) 0.417  (0.152)
Nitrogen balance (NM/ITROBAL in kg N/ha) 20.6 (27.5) 0.703  (0.110)
Pesticide risk (PESTRISK in kg rat/ha) 0.635  (0.573) 0.867  (0.120)
Energy balance (ENERGBAL in 10° kcal/ha) 6,116  (1,535) 0.350  (0.118)
Agro-environmental subsidy areas (AGROENV in %) 5.8 9.2) 0.216  (0.341)
SOCIO-ECONOMIC VARIABLES
Age (years) 44 .4 (9.4) --
Land (hectares) 1245  (119.0) --
Time dedicated to agricultural training (hours/year) 36.4 (30.8) --
NUMBER OF FARMS 163

29



Table 2b

Sample description (categorical variables)

Frequency
SOCIO-ECONOMIC VARIABLES
Member of an agrarian organization 58.9%
Education
School-leaving certificate 19.0%
Primary school 39.3%
Secondary school 34.4%
University 7.4%
Agricultural training
None 12.3%
Basic: agricultural extension 74.2%
Medium: professional training 9.2%
Upper: university 4.3%
NUMBER OF FARMS 163
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Table 3
Descriptive statistic for dimensional and global sustainability composite indicators

Economic Social  Environmental Global

sustainability sustainability sustainability sustainability

Average 0.359 0.250 0.377 0.561
St. deviation 0.119 0.071 0.102 0.098
Maximum 0.634 0.466 0.660 0.973
Minimum 0.000 0.119 0.075 0.373
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Table 4

Spearman’s rank correlation coefficients (significance levels between brackets’)

Economic Social Environmental Global
sustainability sustainability sustainability sustainability
Economic
sustainability 1
Social
sustainability -0.1997 (0.0106) 1
Environmental
sustainability 0.2498 (0.0013) -0.1842 (0.0186) 1
Global
sustainability 0.5556 (0.0000)  0.1125(0.1528) 0.7417 (0.0000) 1

" The null hypothesis is the hypothesis of independence.
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Table 5

Truncated regression. Bootstrapped confidence intervals. The dependent variable is the inverse of global sustainability

) 99% confidence 95% confidence
Estimated

parameter Lower Upper Lower Upper
bound bound bound bound
Age (years) 0.00238 -0.00387 0.00898  -0.00280 0.00797
Farm size (hectares) -0.00039 -0.00084 0.00010  -0.00079  -0.00002
Education: primary school® 0.11575 -0.01970 0.27212  -0.00306 0.23912
Education: secondary school and university * 0.23444 0.08344 0.39950 0.10496 0.37324
Agricultural training: basic " -0.02705 -0.21212 0.15883  -0.17969 0.12693
Agricultural training: medium and upper " -0.27611 -0.51382  -0.02571  -0.46749 -0.06160
Time dedicated to agricultural training (hours/year) -0.00110 -0.00273 0.00065  -0.00252 0.00044
Member of an agricultural cooperative -0.11990 -0.22707  -0.01185 -0.21202  -0.03285
Constant 1.80040 1.38952 2.19430 1.47340 2.12490
Sigma 0.28741 0.25479 0.33715 0.26238 0.32780

Number of observations 163

* The category omitted is school-leaving certificate.
® The category omitted is no specialized agricultural training.
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Fig. 1. Scores of the global sustainability composite indicator depending on the value of 7.
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