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Abstract 

A key challenge facing dairy farming is to meet the increasing demand for dairy 

products from a growing and more affluent global population in a period of 

unprecedented socio-economic and environmental change. In order to address this 

challenge, policies are currently placing emphasis on ‘sustainable intensification’ 

(SI), i.e. producing ‘more’ outputs and services with ‘less’ resources and 

environmental impacts. Determining whether or not SI can deliver greater yet 

sustainable dairy production requires understanding of the relationships between 

sustainability pillars (environmental; economic; and social) and farm aspects (e.g. 

on-farm management; and animal productivity) under particular farming systems and 

circumstances (e.g. regional bio-physical conditions). Trade-offs between pillars and 

aspects is inevitable within a farming system. Many widely-used assessment 

methods that aim to measure, scale and weight these pillars and aspects are unable to 

fully capture trade-offs between them. The objectives of this thesis are:  1) to identify 

key trade-offs in dairy farming systems to inform greater yet sustainable food 

production; and 2) to introduce models and methodologies aiming at a more holistic 

measurement and better understanding of dairy farm sustainability. 

This thesis assesses the sustainability of French and UK dairy farming systems via a 

farm efficiency benchmarking modelling framework coupled with statistical 

analyses. It explores the relationships between pillars, aspects and technical, 

economic and environmental performance; and identifies important 

drivers/differentials in dairy farm efficiency. Importantly, it also suggests ways in 
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which farm inputs and outputs can be adjusted so that improvements in 

environmental, technical and economic performance become feasible. 

Efficiency benchmarking was performed with the multiple-input – multiple-output 

productive efficiency method Data Envelopment Analysis (DEA). DEA calculates 

single aggregated efficiency indices per farm by accounting for several farm inputs 

and outputs which the DEA model endogenously scales and weights. In this work, 

the notion of farm inputs and outputs was extended to also include ‘undesirable’ 

outputs (greenhouse gas emissions) and environmental impacts (e.g. eutrophication, 

acidification etc.) of dairy farming. The DEA models employed belong to the family 

of ‘additive’ models, which have several advantages over ‘traditional’ DEA models. 

These include their ability (i) to simultaneously increase outputs and reduce inputs, 

undesirable outputs and environmental impacts; (ii) to identify specific sources of 

inefficiency. These ‘sources’ represent a farm’s shortfalls in output production and 

its excesses in input use and/or in undesirable outputs and environmental impacts, 

relatively to the other farms; (iii) to position undesirable outputs in the output set 

rather than consider them as inputs or ‘inverse’ outputs; and (iv) to rank farms by 

efficiency performance. Importantly, this thesis also proposes a new additive model 

with a ranking property and high discriminatory power. In a second stage, DEA was 

coupled with partial least squares structural equation modelling (SEM) so as to 

develop and relate latent variables for environmental performance, animal 

productivity and on-farm management practices. 

The results suggested that the efficacy of SI may be compromised by several on-farm 

trade-offs between pillars, aspects and farm inputs and outputs. Moreover, trade-offs 

depended on particular farming systems and circumstances. Increasing animal 
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productivity did not always improve farm environmental performance at whole farm-

level. Intensifying production at animal and farm-levels, coupled with high reliance 

on external inputs, reduced farm environmental performance in the French case, i.e. a 

significant negative relationship was found between intensification and 

environmental performance (SEM path coefficients ranged between -0.31 and -0.57, 

p < 0.05). Conversely, in the UK case, systems representing animal-level 

intensification (via genetic selection) for increased milk fat plus protein production 

performed better, on average, than controls of UK average genetic merit for milk fat 

plus protein production in terms of technical efficiency (DEA scores between 0.91–

0.92 versus 0.78–0.79) and environmental efficiency (scores between 0.92–0.93 

versus 0.80), regardless of whether on a low-forage or high-forage diet. The levels of 

inefficiency in (undesirable) outputs, inputs and environmental impacts varied 

among farming systems and depended on the regional and managerial characteristics 

of each system. For instance, in France, West farms had higher eutrophication 

inefficiencies than East farms (average normalized eutrophication inefficiencies 

were, respectively 0.141 and 0.107), perhaps because of their more intensive 

production practices. However, West farms were more DEA-efficient than East 

farms as the former benefited from bio-physical conditions more favourable to dairy 

farming (mean DEA score ranks were 97 for West and 83 for East). Such findings 

can guide policy incentives for SI in different regions or dairy systems. 

The proposed modelling framework significantly contributes to current knowledge 

and the search for the best pathways to SI, improves widely-used modelling 

approaches, and challenges earlier findings based on less holistic exercises.
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Lay summary 

A key challenge facing dairy farming is to meet the increasing demand for dairy 

products from a growing and more affluent global population in a period of 

unprecedented socio-economic and environmental change. In order to address this 

challenge, policies are currently placing emphasis on ‘sustainable intensification’ 

(SI), i.e. producing ‘more’ outputs and services with ‘less’ resources and 

environmental impacts sufficient to ensure that future as well as current needs can be 

met. This requires substantial improvements in resource use-efficiency of dairy 

farms. Yet, such improvements alone cannot guarantee sustainability because in 

practice farmers face trade-offs between environmental, economic and social 

objectives. Moreover, these objectives are influenced by the management strategies a 

farmer adopts (e.g. degree of reliance on external inputs as opposed to resources 

produced on-farm; farming intensity etc.), the farm’s location and its other specific 

attributes. Also, farmer decision-making is often based on indicators that are unable 

to holistically measure farm efficiency performance and fully capture trade-offs. This 

work’s objectives are therefore: 1) to identify key trade-offs in dairy farming systems 

to inform greater yet sustainable food production; and 2) to introduce models and 

methodologies aiming at a more holistic measurement and better understanding of 

dairy farm efficiency and sustainability. 

These objectives were achieved through a combination of rich dairy farm datasets 

from UK and France; and mathematical modelling drawn from the statistical and 
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operational research literatures. The results suggested that the efficacy of SI may be 

compromised by several on-farm trade-offs, which depended on managerial choices 

and farm location. Increasing animal productivity, a way to increase milk production 

per cow with less resources (e.g. feed), did not always improve farm environmental 

performance at whole farm-level. Intensifying production at animal and farm-levels, 

coupled with high reliance on external inputs, reduced farm environmental 

performance in the French case, i.e. the relationship between intensification and 

environmental performance was negative. Conversely, in the UK case, herds 

consisting of high-producing cows exhibited high efficiency performance regardless 

of levels of reliance on external inputs. 

These findings suggest that there is no ‘one size fits all’ solution to the problem of 

improving dairy farm sustainability. However, the proposed modelling framework 

can help identify solutions fitted to particular cases and thus significantly contributes 

to current knowledge and the search for the best pathways to SI.
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1. CHAPTER ONE. Introduction 

1.1. RATIONALE 

The need to provide food, clean water and other ecosystem services to a growing 

world population, while mitigating and adapting to climate change and minimizing 

adverse environmental impacts (EIs) and the use of non-renewable resources is a key 

challenge facing humankind today (Eisler et al. 2014; Foresight 2011). On the one 

hand, agriculture  has  a  pivotal  role  in  producing  environmental  public goods  

(Matthews 2013) and has potential to mitigate climate change (Soussana et al. 2010). 

On the other hand, global food production is associated with activities often 

threatening terrestrial and marine ecosystems in several ways, for instance through 

the indiscriminate use of fertilizers and other chemicals, and conversion of forests to 

agricultural land (FAO 2013). Unsustainable farming practices fuel climate change, 

extensively use non-renewable resources and consume renewable resources at rates 

far exceeding replenishment (Foresight 2011). Competition for land, water and other 

natural resources will intensify in the forthcoming decades because rising population 

and incomes are projected to drive up global agricultural production by 70% by 2050 

(FAO 2011; Godfray and Garnett 2014). This involves large increases in both 

livestock and cereal production. Rise in demand for cereals will be mainly to feed 

livestock to meet the largely income-driven increase in demand for animal protein-

rich diets (van Grinsven et al. 2015). It is essential that animal protein is produced 
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sustainably so that the benefits of agricultural production outweigh the costs (van 

Zanten et al. 2016). 

As demand for animal protein increases, so does demand for dairy products. It is 

projected that global milk consumption will increase from 83 kg of fresh milk 

equivalents/person/year in 2005-2007 to 99 kg of fresh milk equivalents/person/year 

in 2050 (Alexandratos and Bruinsma 2012). This translates into an increase in 

demand for milk at a rate of 1.1% per annum during the period 2006-2050 (Opio et 

al. 2013), which can have several positive socio-economic implications. For instance, 

it may strengthen international market perspectives for both top milk-producing 

regions of the developed world (e.g. the European Union [EU] and New Zealand) 

and smallholder dairy farms in developing countries, and can create wealth in rural 

areas (Basset-Mens et al. 2009b; FAO 2010; van Berkum and Helming 2006). 

Moreover, smallholder milk production can contribute to significantly reducing 

poverty and improving nutrition and food security in several developing countries 

(FAO 2010). It is important to note, however, that the aforementioned projections in 

demand for animal protein and dairy products are not based on ensuring global 

nutrition security in a sustainable way (van Zanten et al. 2016). The EIs of dairy 

farming might seriously undermine the socio-economic benefits outlined in this 

paragraph. 

Indeed, despite its contribution to the well-being of many developed and developing 

nations, dairying is also associated with numerous EIs.  First, the dairy sector is 

globally responsible for 4% of total anthropogenic greenhouse gas emissions 

(GHGE; Gerber et al. 2010), contributing to global warming and climate change 

(IPCC 2013). Importantly, methane and nitrous oxide, two gases with large global 
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warming potentials (25 and 298, respectively, over a 100-year time horizon; IPCC 

2007), account for about 50% and 30-40% respectively of total GHGE from milk 

production (Gerber et al. 2010). Second, nitrate and phosphate excretion by livestock 

and the increased use of (organic and mineral) fertilizers cause air pollution, 

acidification of water and soils, and eutrophication of surface waters (Guerci et al. 

2013). The loss of air and water quality is linked to impacts on ecosystems and 

especially on human health (Sutton et al. 2011). Third, land use impacts of dairying 

are associated with the production of fodder either on-farm or ‘elsewhere’, and thus 

with the conversion of forest to pasture or the conversion of rangeland to cropland 

(Gerber et al. 2010; Leip et al. 2010). Finally, dairying uses non-renewable energy 

sources for feed cultivation, manure application, transport of animals, and processing 

and transport of feed (Guerci et al. 2013). Concrete action (e.g. agricultural policy 

reforms) is necessary so that these impacts are reduced without compromising dairy 

production and its socio-economic benefits. 

1.1.1. Sustainable dairy farming and the Common Agricultural Policy 

Dairy farming systems that are sustainable from an environmental, economic and 

social viewpoint- known as the three pillars of sustainability- are required to address 

the challenge of increasing the benefits of dairy production while minimizing 

impacts and dependence on depleting resources. This has been recognized by the 

European Union (EU) since the early 1990s, when policy-makers gradually 

acknowledged that agriculture is a multi-functional sector not only providing food, 

but also sustaining the environment and maintaining settlement in remote and less 

favourable areas (Erjavec and Erjavec 2015). Since then, the various reforms of the 
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EU Common Agricultural Policy (CAP) are increasingly aiming at aligning 

production incentives with multiple goals of rural support, environmental 

sustainability and social equitability in an economically and socially efficient manner 

(Chambers et al. 2014). Currently, this change is largely driven by re-exposing 

European agriculture to world market competition (Matthews 2013; van Berkum and 

Helming 2006), which entails several implications for the sustainability of the EU 

dairy sector. 

The sustainability of the EU dairy industry largely depends on CAP’s progressive 

shift towards trade liberalization and the abolition of the milk quotas in 2015. The 

milk quotas were introduced in the 1980s as a means to curtail milk overproduction 

resulting from CAP’s productivist conception of agriculture since the 1960s, which 

stemmed from a major historical background (e.g. the two world wars) and 

consequently aimed at safeguarding food supply for citizens and income for farmers 

(European Commission 2009; Zobbe 2001). The abolition of milk quotas and gradual 

reduction of market protection and export support by the EU translates to lower milk 

prices (van Berkum and Helming 2006); yet the EU dairy industry is gearing up to 

increase milk production and, in turn, exports of dairy products to emerging markets 

(Promar International 2015). Consequently, the EU dairy industry has been 

undergoing a broad process of structural change, with farms generally concentrating 

in more competitive regions, increasing their size and adopting more intensive 

production practices (Alvarez and Arias 2015; Bava et al. 2014; Irz and Kuosmanen 

2014; van Berkum and Helming 2006). The increase in farming intensity is raising 

concerns about the efficacy of market mechanisms to look after non-marketable 

public goods such as the environment (Santarossa et al. 2004; Zimmermann 2008). 
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1.1.2. ‘Sustainable intensification’ of dairy farming 

While structural change in the dairy industry continues, much focus is placed on 

identifying ways to achieve greater yet sustainable food production, referred to as 

‘sustainable intensification’ (SI) of agriculture (including dairying), as advocated for 

example by the UK Foresight report (2011). SI can be understood as ‘[…] 

simultaneously raising yields, increasing the efficiency with which inputs are used 

and reducing the negative environmental effects of food production’ (Foresight 2011, 

p.30). SI is based on the premise that substantial simultaneous improvements in 

efficiency and sustainability are feasible through, among others, advancements in 

science (e.g. plant and dairy cattle breeding for reduced N use and GHGE 

respectively) and technology (e.g. precision agriculture with reduced fertilizer 

application) and targeted research in agro-ecological concepts (e.g. crop and animal 

management; Foresight 2011). SI implies increasing inputs and/or outputs per ha 

with a simultaneous reduction in any negative environmental effects (Foresight 2011; 

Parliament 2011). 

Conversely, van Grinsven et al. ( 2015) argue for a ‘sustainable extensification’ of 

agriculture, that is, reducing stocking densities, food waste and reliance on external 

inputs, with a possible decrease in food production per ha. These authors’ rationale is 

that efficiency improvements should be made in terms of both food production and 

consumption per use of resources. They argue that SI mainly focuses on the former 

and thus provides more room for resource-demanding food choices (e.g. animal 

protein) and for food loss in retail and consumption to satisfy consumer preferences. 

They demonstrate successful case studies (including dairy) of sustainable 
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extensification where simultaneous reductions in environmental pollution and 

increases in biodiversity and farm income take place. 

Despite their differences, both SI and sustainable extensification call for 

improvements in the efficiency of the agri-food industry as a means to achieve higher 

sustainability. This is further discussed below. 

1.1.3. Improving dairy farm efficiency can help increase its sustainability 

Sustainably increasing production requires substantial improvements in resource use 

efficiency to increase productivity, drive down costs, boost competitiveness, reduce 

reliance on increasingly scarce fuels and materials, reduce GHGE, and protect 

valuable ecological assets (European Commission 2011). Improvements in efficiency 

can be achieved by efficiency benchmarking, a tool for performance evaluations of 

the activities of different organizations (Cooper et al. 2007). It is customarily 

expressed in the form of partial productivity (efficiency) ratios, that is, the amount of 

output produced by an organization per unit of input used (Cooper et al. 2007). 

Efficiency ratios are used by agricultural extension programmes (advisory services) 

to aid the identification of best-practice management for a given farming system 

(Fraser and Cordina 1999). These benchmarks can help farmers identify the main 

areas to improve performance on their own farms (DairyCo 2014). 

There is great scope for higher technical, economic and environmental performance 

of dairy farms through more efficient resource use. For instance, improving feed 

efficiency results in better feed utilization by the cows, which translates to fewer 

nutrients excreted in manure, but also to higher milk yields with the same amount of 
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feed (Maulfair et al. 2011). However, because efficiency is a relative concept, 

improving it does not necessarily imply that farm resource use is kept at sustainable 

levels (Kuosmanen and Kortelainen 2005). Nevertheless, the concept of improved 

efficiency as getting more outputs from the same inputs (or the same outputs from 

fewer inputs) is easily understood by farmers and land managers, hence its 

applicability (Franks 2014). This is particularly important considering that studies are 

increasingly accounting for the environmental effects of farming, see below. 

Indeed, a major advancement in farmer decision-making towards more efficient and 

sustainable (dairy) farming practices is the ‘environmental management of livestock 

systems via environmental benchmarking’ (LEAP 2015). That is, EI metrics are 

increasingly incorporated in efficiency evaluations guiding farm management. This 

is primarily done with Life Cycle Analysis (LCA), an internationally standardized 

method for estimating the EIs of agricultural products from a ‘global’, whole-system 

perspective (Bava et al. 2014). LCA accounts for both on and off-farm impacts of 

agricultural activities, for example land and N fertilizer use for the production of 

both home-grown and imported feeds. LCA impacts are typically expressed per some 

functional unit such as litre of milk or (on-farm + off-farm) ha of land use, making 

the comparison of different dairy farming systems (e.g. grazing versus housed) 

possible and ‘fair’ (e.g. Basset-Mens et al. 2009b; Bava et al. 2014; Guerci et al. 

2013). This is by contrast with other methods (e.g. IPCC 2006) that are confined to 

defined national boundaries and do not consider processes for the production of farm 

inputs imported into a country (see O’Brien et al. 2012). LCA has a pivotal role in 

the understanding of how farm management decisions and the implementation of 

new approaches impact on resources, the environment and the economy, see for 
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example the Environmental and Agricultural Resource Efficiency Tool created by 

the Agriculture and Horticulture Development Board (United Kingdom [UK]) to 

support its work for the food and farming community (AHDB 2016). Note that a 

recent study suggests using LCA data ‘[…] to tune livestock policies to 

socioeconomic and geographic environments’ (Eisler et al. 2014, p.34). 

Despite the advantages of efficiency benchmarking and LCA, it must be noted that 

improper use of these tools can lead to incorrect conclusions. Indeed, recent findings 

on dairy farm performance challenge SI and the aforementioned Foresight (2011) 

report because many presumptions of ‘win-wins’ between efficiency and 

sustainability are based on narrow simple ratios of dairy farm performance. 

Efficiency ratios are problematic in that they lack the ability to fully capture whole-

system effects on farm sustainability (Chagunda et al. 2009). For instance, increasing 

cow productivity can reduce GHGE per cow but may increase total GHGE at the 

farm-level (Puillet et al. 2014; Zehetmeier et al. 2012). Similarly, Bava et al. (2014) 

found a negative relationship between LCA impacts per kg milk, on the one hand, 

and cow productivity, dairy efficiency and stocking density, on the other hand; yet 

this relationship was positive when impacts were expressed per ha land. Thus, the 

‘win-win’ between milk production and EI mitigation on a global scale can be 

compromised by significant environmental damage on a local scale (Bava et al. 

2014). Likewise, management choices considerably increasing milk yield per ha on-

farm land through greater use of external inputs (off-farm land, concentrates, N 

fertilizer) can be detrimental for dairy farm environmental performance in terms of 

both milk production and land use functions (Basset-Mens et al. 2009b). In fact, this 

latter study found a considerably better environmental performance per ha and kg 
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milk for self-sufficient (no N fertilizer, off-farm land use or brought-in concentrates) 

systems at the expense of lower milk yields per ha. In this case, the agro-ecological 

concept of self-sufficiency as a farm’s capacity to produce goods from its own 

resources (Lebacq et al. 2015), with higher control over nutrient recycling and thus 

minimization of losses to the environment (Dumont et al. 2013), is in potential 

conflict with the Foresight (2011) report. Finally, it must be stressed that the diverse 

bio-physical characteristics of different farming regions can produce region-

dependent results on the relationship between farm efficiency and sustainability (see 

Matlock et al. 2013). 

The aforementioned findings reflect the challenges of understanding the relationships 

between different farm aspects (on-farm management choices), production factors 

(farm inputs; outputs; and EIs
1
) and sustainability pillars under particular farming 

systems and circumstances (e.g. regional bio-physical conditions). A key question is 

therefore the following: what are the tools to holistically measure and understand 

dairy farm efficiency performance, so as to guide sustainable farming, and 

investigate whether or not SI can positively contribute to dairy farm sustainability, 

and if so under what circumstances; and which are the efficiency drivers? This work 

attempts to answer this question from an efficiency perspective. I further expand on 

this below, but before doing so, I summarize in Table 1.1 the nomenclature used in 

the text above and throughout Chapters 1 and 6 of this thesis. 

                                                           
1
 My definition of ‘production factors’ should not be confused with what is referred to in economics 

as ‘factors of production’, that is, land, labour, capital and the entrepreneur (Stanlake and Grant 2000). 

My definition concerns farm inputs, outputs and EIs. Note that the output set also includes 

‘undesirable’ outputs, e.g. carbon dioxide emissions, N leaching etc. These differ from EIs in that they 

express ‘bad’ output generated by the farm while the EIs refer to the wider environmental 

consequences of farming (e.g. global warming potential, eutrophication etc.). I chose the term 

‘production factors’ because inputs, (undesirable) outputs and EIs all are elements (factors) 

characterizing a farm’s input-output flow during the production process. 
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Table 1.1 Nomenclature used throughout Chapters 1 and 6 of this thesis. 

Production factors 

(farm-level) 

Aspects (on-farm 

management) 

Pillars 

(sustainability) 

Circumstances Drivers 

Inputs; 

Outputs; 

Undesirable 

outputs; 

Environmental 

impacts (EIs); 

1. Farming intensity 

(animal & farm-

level); 

2. Feeding strategy; 

3. Farm self-

sufficiency (in 

inputs); 

Environmental; 

Economic; 

Social; 

Regional bio-

physical 

conditions 

Aspects; 

Circumstances; 

1.1.4. Towards more advantageous efficiency measures: Data 
Envelopment Analysis 

The aforementioned key question can be answered by employment of theories from 

production economics and their mathematical formulations by operational 

researchers (see Färe et al. 1994, chapter 1). Aiming at creating a more holistic 

efficiency measure, Farrell’s (1957) idea was to develop a tool able to guide 

economic policy and planning by measuring how much a given industry can increase 

its output by increasing its efficiency, without absorbing further resources. He 

observed that the widely-used average productivity of labour was not a satisfactory 

efficiency indicator of a given industry, because all other inputs save labour; a 

method able to combine several inputs and outputs in an aggregate measure of 

efficiency was necessary. This method should overcome the ‘index price problem’ 

which emerges when one seeks to unite inputs and outputs expressed in different 

measurement units (Frisch 1936). 

Farrell’s (1957) ideas were operationalized by Charnes et al. (1978) who developed a 

non-parametric productive efficiency method known as Data Envelopment Analysis 
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(DEA). Unlike partial ratios, DEA produces aggregated efficiency scores based on a 

best-practice frontier, by handling multiple variables (inputs and outputs) 

simultaneously. Like ratios, the efficiency scores are firm-specific; however they are 

standardized between 0 and 1. This provides a classification between ‘efficient’ 

(score of 1) and ‘inefficient’ (score less than 1) firms. Efficient firms serve as 

benchmarks. Inefficient firms are ‘enveloped’ by the best-practice frontier on which 

benchmarks lie. The magnitude of this score reveals how ‘far’ a firm is from its 

benchmark, i.e. it indicates by what amounts its variables should be adjusted so that 

it operates efficiently. This logic resembles benchmarking exercises in the dairy 

sector with partial indicators (e.g. DairyCo 2014). Importantly, the multiple DEA 

variables are seen as multiple criteria, aggregated by means of an endogenous- ‘data-

driven’- weighting scheme, which also cancels out the variables’ different 

measurement units (e.g. milk in kg, land in ha). Thus, recourse to subjective 

weighting schemes and a priori variable standardization are unnecessary. 

DEA is extremely popular in the fields of operational research, management, 

economics, banking, finance, healthcare and engineering (Emrouznejad et al. 2008). 

Notably, the number of DEA studies on agriculture is also increasing, with 41 

applications on dairy farms alone (see Appendix I, which lists all 41 studies. These 

are also listed in the References). The virtues of DEA are increasingly recognized by 

researchers and extension services agents who seek to communicate best practices in 

farm management throughout the dairy industry (Jaforullah and Whiteman 1999). In 

fact, DEA is a central element of nationwide efficiency assessments of the livestock 

and dairy sectors in France (‘EPAD’ project by the French National Research 

Agency [ANR], ANR-09-STRA-01) and Ireland 
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(http://www.teagasc.ie/publications/2010/1127/Development-of-a-benchmarking-

system-to-increase-the-sustainability-of-Irish-dairy-farmers_5799.pdf). It must be 

noted that DEA’s parametric counterpart known as ‘stochastic frontier analysis’ has 

also been widely applied in agricultural studies (e.g. Alvarez and Arias 2015; 

Alvarez et al. 2008; Barnes 2008). However, unlike DEA, stochastic frontier analysis 

assumes that the technology under which firms operate has a specific functional form 

known a priori (Bogetoft and Otto 2011). 

A recent key development towards better measures of dairy farm environmental 

performance is the incorporation of multiple LCA (or undesirable output) indicators 

and farm inputs and outputs into a single DEA score per farm (e.g. Berre et al. 2013; 

Berre et al. 2014; Iribarren et al. 2011; Jan et al. 2012; Pérez Urdiales et al. 2015; 

Shortall and Barnes 2013; Toma et al. 2013), as opposed to expressing them per 

some functional unit, which has the aforementioned drawbacks. This advancement 

has led to the employment in dairy research of DEA models and methods explicitly 

dealing with the problem of incorporating environmentally detrimental activities of 

production in efficiency measurements (Leleu 2013 provides a very informative 

summary of this problem). 

Note that accounting for environmental effects of production provides a more 

complete representation of a farm’s production process than (i) DEA exercises that 

ignore them; and (ii) partial ratios, which can only consider two production factors at 

a time. Also note that DEA’s ability to endogenously weight the data does not 

require the ‘pricing’ of public goods and thus the incorporation of EIs and 

undesirable outputs in the model is a straightforward matter. Hence, DEA can more 

http://www.teagasc.ie/publications/2010/1127/Development-of-a-benchmarking-system-to-increase-the-sustainability-of-Irish-dairy-farmers_5799.pdf
http://www.teagasc.ie/publications/2010/1127/Development-of-a-benchmarking-system-to-increase-the-sustainability-of-Irish-dairy-farmers_5799.pdf
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comprehensively effect identification of sustainable production practices and can 

thus guide agricultural policies (e.g. CAP) with meeting their objectives. 

1.1.5. Current gaps in dairy farm efficiency assessments with DEA 

The aforementioned advancements in DEA have facilitated performance evaluation 

and comparison of dairy farming practices and systems characterized by different 

intensity levels (Berre et al. 2014; Berre et al. 2015; Toma et al. 2013). However, and 

to the best of my knowledge, only these three studies have done so explicitly. Other 

important efficiency drivers/differentials such as management (Casey and Holden 

2005), genetic potential (Wall et al. 2010), feeding regime (Capper et al. 2009) and 

the often largely diverse climatic and bio-physical conditions under which farms 

operate (see Barnes 2006) are generally missing from DEA dairy studies, with a few 

exceptions (e.g. Novo et al. 2013; Toma et al. 2013). This is by contrast with studies 

based on partial ratios (e.g. Basset-Mens et al. 2009b; Bava et al. 2014; Bell et al. 

2011; Casey and Holden 2005; Guerci et al. 2013; Hofstetter et al. 2014; Lehuger et 

al. 2009; Lovett et al. 2006; Matlock et al. 2013; O'Brien et al. 2014; Olesen et al. 

2006). 

Notably, DEA’s potential as an instrumental tool for the measurement of efficiency 

is not fully exploited in dairy research despite 41 DEA dairy studies identified in the 

literature (see Appendix I). There are a few applications with more advanced DEA 

models (e.g. Berre et al. 2013; Berre et al. 2014; Berre et al. 2015; Iribarren et al. 

2011) that widen opportunities for the better measurement and understanding of 

dairy farm efficiency. 
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Finally, identifying dairy farm efficiency drivers often requires additional analyses 

whereby the DEA scores are fed to statistical tools (e.g. Barnes et al. 2011; Pérez 

Urdiales et al. 2015; Shortall and Barnes 2013; Toma et al. 2013). Such practice has 

been confined to the ‘usual’ parametric and non-parametric bivariate and 

multivariate statistical testing, including correlation coefficients, ANOVA and 

regression (see Snedecor and Cochran 1989). Notwithstanding their usefulness, there 

exist more advantageous yet easily implementable methods such as the so-called 

‘second-generation’ multivariate methods (Hair et al. 2014). These methods enable 

us to incorporate unobservable, latent variables measured in a way that accurately 

represents the variable (Hair et al. 2014) and can model complex interrelationships 

between them and the efficiency scores (e.g. Kalaitzandonakes et al. 1992; 

Kalaitzandonakes and Dunn 1995; Richards and Jeffrey 2000). Latent variables can 

capture aspects that cannot be measured directly (e.g. farming intensity and farm 

self-sufficiency) but are considered important drivers that can then be tested for their 

impact. This is important in the context of this work because production factors can 

be categorized in a manner that is meaningful to stakeholders. For instance, on-farm 

inputs expressed as a proportion of total farm inputs (on-farm + ‘imported’) can be 

collectively represented by a latent variable for self-sufficiency. By testing for 

interrelationships between aspects and efficiency under particular circumstances, 

rules of thumb representing best-practice can be established and used by policy-

makers and farm managers. 

Examining the potential of dairy farming to address the Foresight (2011) challenges 

requires better understanding of the interactions between aspects, production factors 

and pillars under particular circumstances. Accounting for these elements can 
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facilitate the identification of synergies and trade-offs between them. Therefore, the 

use of more advantageous, DEA-based, efficiency methods and methodologies, as 

well as statistical tools, is essential. 

1.2. AIMS AND OBJECTIVES 

This thesis strikes a balance between two elements. The first element is the problem 

of improving dairy farm sustainability via increased efficiency towards greater yet 

sustainable dairy production. This requires identifying and resolving key trade-offs 

between production factors, aspects and pillars of dairy farming systems; and 

identifying efficiency drivers. The second element concerns the employment, as well 

as development, of more advanced, DEA-based, methodological approaches that can 

enhance the measurement and understanding of dairy farm efficiency and so guide 

agriculture towards solving the first problem. 

Figure 1.1 introduces and summarizes the two objectives of this thesis, linked to the 

wider context and the specific tools employed to address the objectives. The 

flowchart is explained in more detail as follows. This thesis is based on the premise 

that improved dairy farm efficiency requires the achievement of multiple objectives 

for a more sustainable dairy sector (wider context). In turn, this translates to the need 

to identify and adopt dairy farming practices that best capture this premise (Objective 

1). This might be in line with SI or ‘some other’ practice, for example extensive 

farming (van Grinsven et al. 2015) and/or low-input, i.e. self-sufficient systems 

(Basset-Mens et al. 2009b). More sustainable farming practices can be achieved by 

identifying and resolving trade-offs between aspects, production factors and pillars 
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(Objective 1). This work considers managerial practices reflecting farming intensity 

(both at animal and farm-levels), feeding strategy and farm self-sufficiency as 

aspects and looks at trade-offs between these aspects and farm sustainability 

performance (points a-b; see also Table 1.1). These aspects, as well as particular 

circumstances (i.e. regional differences), are potentially important farm efficiency 

drivers/differentials (point c). Importantly, competing production factors may reveal 

challenges and opportunities for dairy farming systems to adjust their operations to 

more efficient levels (point d). Objective 1 requires tools that overcome the 

limitations of narrow efficiency measures as described above. Thus, DEA is a central 

element of this thesis. Statistical analysis plays an equally important role in analysing 

the DEA results. By coupling DEA with statistics, this thesis identifies key aspects, 

production factors and circumstances affecting efficiency and suggests ways to 

improve efficiency towards higher dairy farm sustainability. 
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Figure 1.1 Flowchart summarizing the objectives of this thesis, linked to the wider context 
and specific tools employed. 

Specifically, this thesis will address the following two objectives: 

1. To identify key competing aspects, production factors and pillars of dairy 

farming systems characterizing greater dairy farm efficiency and sustainability, 

under particular circumstances. In more detail, the four aims of this particular 

objective are the following: 

a. To explore the association between dairy farming intensity and 

environmental, economic and technical performance. 

b. To determine the relationship between dairy farm self-sufficiency and 

environmental performance. 
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c. To determine the effect of other potentially important drivers/differentials 

(aspects and circumstances) on dairy farm efficiency. 

d. To identify ways in which competing production factors can be adjusted 

so as to improve dairy farm technical, economic and environmental 

performance. 

2. To introduce DEA models and methods, and couple these with powerful 

statistical analyses, aiming at a more holistic measurement and better 

understanding of dairy farm efficiency. 

1.3. THESIS STRUCTURE 

This thesis consists of six chapters, namely, an introductory chapter (Chapter 1), a 

finishing chapter with overall conclusions (Chapter 6) and three chapters (Chapters 

2-5) presented as a series of papers. Chapters 2-5 have been published in (Soteriades 

et al. 2015), accepted by (Soteriades et al. 2016a) or submitted to (Soteriades et al. 

2016b; Soteriades and Stott 2016), peer-reviewed journals. This is a ‘paper-

orientated’ thesis meaning that Chapters 2-5 can be read independently. However, 

they are interrelated in that they seek to measure and understand (dairy) farm 

efficiency. Specifically, the primary concern was to provide a bridge between 

research and farming practice that aids adaptation to change and addresses the 

Foresight (2011) challenges, i.e. to sustainably increase food production. Details on 

Chapters 2-5 and their interrelationships are given in Figure 1.2 and in the text 

below. 
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Figure 1.2 Description of the stages of this work as four publishable thesis chapters. 

Chapter 2 compares four divergent dairy systems, part of a multiple-year breeding 

and feeding systems experiment (Pollott and Coffey 2008) in terms of technical, 

economic and environmental performance. In this case, the two feeding strategies 

and cow genetic merits were the aspects. Technical performance was estimated by 

means of an indicator of ‘technical efficiency’ whereby operational inputs (land use; 

N fertilizer, and feed) and output (milk) of the four systems were fed into the DEA 

model. Environmental performance was calculated by an indicator of ‘environmental 

efficiency’ by which GHGE estimates of the four systems were also incorporated in 

the DEA model as ‘undesirable’ outputs, along with the inputs and output. The DEA 

models were variants of Tone’s (2001) slacks-based measure (SBM) of efficiency. 

SBM and its variants are ‘additive’ DEA models, that is, they calculate efficiency 

scores by summing all inefficiencies attributed to (i) excess input use and undesirable 

output production; and (ii) output shortfalls. This additivity characteristic helped 

identify ways to improve efficiency by indicating which variables (production 
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factors) were most detrimental for the efficiency of each system, and by how much. 

Moreover, by pricing the input excesses, the cost of not operating efficiently was 

determined for each system. This provided a measure of economic performance. 

Another strong advantage of SBM is that a simple modification  of the original 

model (Cooper et al. 2007, chapter 13) can deal with the long-debated issue of how 

to model undesirable outputs in DEA (Leleu 2013 extensively discusses this issue). 

For reasons explained in Chapter 2, many DEA models can only incorporate 

undesirable outputs as inputs or ‘inverse good’ outputs or some other way that does 

not satisfactorily represent the production process. This is not the case with SBM. 

Therefore Chapter 2 also demonstrates the advantages of additive DEA models 

which were then also employed in Chapter 3 and further developed in Chapter 5. 

Chapter 3 presents the aggregation of several LCA impacts and outputs to measure 

dairy farm ‘eco-efficiency’, that is, the ability of farms to produce food with the least 

EIs. This was done for a sample of French specialized dairy farms. The eco-

efficiency scores helped identify French regions (circumstances) and feeding 

strategies (aspects) with potential for greater dairy farm environmental performance. 

The regional split (West and Continental France) was based on the fact that the 

French West has an oceanic climate with relatively high rainfall and shorter winters, 

and could therefore be more advantageous for dairying. The rationale behind the 

classification of feeding strategies was to assess the eco-efficiency of management 

practices representing different farming intensity levels (aspects). Just like Chapter 2, 

an additive DEA model was used, known as range adjusted measure (RAM) of 

inefficiency (Cooper et al. 1999). RAM was chosen over SBM because it uses a 

common weighting scheme among all farms and thus carries with it a ranking 
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property. This allowed for the ranking of regions and feeding strategies in terms of 

eco-efficiency scores. Importantly, because West and Continental farms operate 

under contrasting bio-physical environments, a method correcting for this factor was 

employed (Brockett and Golany 1996) in order to fairly compare the eco-efficiency 

scores of the two regions. This method helped remove managerial inefficiencies and 

revealed each region’s eco-efficiency potential solely as a result of regional bio-

physical conditions. 

Chapter 4 extends Chapter 3 by relating the obtained eco-efficiency scores to 

management practices (aspects) increasing farm self-sufficiency (feed, land, energy, 

economy) and farming intensity at the animal (milk yield/cow, meat/animal etc.) and 

farm-levels (% maize of the total forage area, concentrate use, stocking density etc.). 

This was done by coupling DEA with SEM so as to develop, and relate, latent 

variables for eco-efficiency, intensification and self-sufficiency per region (West, 

Continental- circumstances). SEM helped reveal potential synergies and trade-offs 

between latent variables (aspects) by analysing the whole model as a unit, rather than 

dividing it into pieces (Goodhue et al. 2012). This exercise provided evidence of the 

implications that different managerial and regional factors can have for dairy farm 

eco-efficiency. 

Chapter 5 proposes a new additive model, the range adjusted slacks based measure 

(RASBM). RASBM is a cross between SBM and RAM and overcomes a trade-off 

between them: SBM does not carry with it a ranking property yet it has a high 

discriminatory power. RAM does carry a ranking property but can have a very low 

discriminatory power. RASBM has both aforementioned advantages. Thus, RASBM 

can be a powerful tool for the measurement and analysis of efficiency and can 
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contribute to the efforts toward the development of metrics and tools to guide SI (e.g. 

SIP Platform 2016).  
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2. CHAPTER TWO. Improving farm efficiency 

assessments using additive models 

After article in Agricultural and Food Science 24: 235-248. Available online: 

http://ojs.tsv.fi/index.php/AFS/article/view/49446/16525. See Declaration page. 

2.1. CHAPTER TWO ABSTRACT 

Applying holistic indicators to assess dairy farm efficiency is essential for 

sustainable milk production. Data Envelopment Analysis (DEA) has been 

instrumental for the calculation of such indicators. However, ‘additive’ DEA models 

have been rarely used in dairy research. This chapter presents an additive model 

known as slacks-based measure (SBM) of efficiency and its advantages over DEA 

models used in most past dairy studies. First, SBM incorporates undesirable outputs 

as actual outputs of the production process. Second, it identifies the main production 

factors causing inefficiency. Third, these factors can be ‘priced’ to estimate the cost 

of inefficiency. The value of SBM for efficiency analyses is demonstrated with a 

comparison of four contrasting dairy management systems in terms of technical and 

environmental efficiency. These systems were part of a multiple-year breeding and 

feeding systems experiment (two genetic lines: select vs. control; and two feeding 

strategies: high forage vs. low forage, where the latter involved a higher proportion 

of concentrated feeds) where detailed data were collected to strict protocols. The 
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select genetic herd was more technically and environmentally efficient than the 

control herd, regardless of feeding strategy. However, the efficiency performance of 

the select herd was more volatile from year to year than that of the control herd. 

Overall, technical and environmental efficiency were strongly and positively 

correlated, suggesting that when technically efficient, the four systems are also 

efficient in terms of undesirable output reduction. Detailed data such as those used in 

this chapter are increasingly becoming available for commercial herds through 

precision farming. Therefore, the methods presented in this chapter are growing in 

importance. 

2.2. INTRODUCTION 

Chapter 1 argues that wider definitions of efficient dairy farm production are 

essential for dairy farm sustainability and so is the translation of these definitions to 

improved efficiency indicators (see also Callens and Tyteca 1999; de Koeijer et al. 

2002). This chapter is concerned with the calculation of more advantageous 

indicators for technical and environmental efficiency (from now on denoted as TE 

and EE respectively) of dairy systems. This is done by means of DEA instead of 

partial efficiency ratios because DEA has several advantages discussed in Chapter 1. 

Briefly, DEA (i) considers multiple production factors simultaneously; (ii) 

endogenously weights the production factors, hence no recourse to prices or 

subjective weighting choices is necessary; (iii) calculates a single efficiency score 

per farm. By contrast, exercises with partial ratios often involve numerous ratios, 

which can complicate interpretation of the results and their communication to 
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stakeholders (see Jollands et al. 2003); and (iv) does not assume that the technology 

under which firms operate has a specific functional form known a priori. 

Current DEA dairy farm studies can be improved in three ways outlined below. The 

first two issues are model-related and the third is data-related. This chapter attempts 

to overcome all three issues. First, almost all studies have employed DEA models 

which assume that the reductions in inputs (e.g. feed) and undesirable outputs (e.g. 

greenhouse gas emissions; GHGE) that a farm should make to become efficient are 

proportional. The same is true for studies aiming to achieve dairy farm efficiency 

through an increase in desirable outputs (e.g. milk) and a decrease in undesirable 

outputs. On the other hand, models relaxing this proportionality assumption allow us 

to identify the variables (inputs and desirable/undesirable outputs) contributing the 

most to a farm’s inefficiency (e.g. Iribarren et al. 2011). Second, most studies with 

undesirable outputs have used DEA models which are unable to incorporate them as 

actual outputs of the production process. Specifically, undesirable outputs have been 

modelled as inputs to be minimized (e.g. Ramilan et al. 2011; Shortall and Barnes 

2013) or their reciprocal has been considered as a desirable output to be maximized 

(e.g. Shortall and Barnes 2013). The former practice fails to reflect the true 

production process (Färe and Grosskopf 2003; Kuosmanen 2005; You and Yan 

2011). With the latter practice, the scale and interval of the original data are lost 

(You and Yan 2011). To the best of my knowledge, only a few DEA dairy studies 

have dealt with the issues of proportionality and inappropriate modelling of 

undesirable outputs (e.g. Berre et al. 2013, 2014; Iribarren et al. 2011). This can be 

achieved with the use of DEA models such as directional distance functions (Berre et 
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al. 2013, 2014) or ‘additive’ models (Iribarren et al. 2011). This chapter also 

employed additive DEA models. 

The third limitation of dairy farm DEA studies is that they often use survey data 

based on voluntary participation of farmers (e.g. Barnes et al. 2011; Hansson et al. 

2011; Iribarren et al. 2011; Kelly et al. 2012a; Shortall and Barnes 2013). This raises 

the question whether these data are truly random and representative (Jack 2009). 

Moreover, survey data are usually uncontrolled for important efficiency 

drivers/differentials discussed in Chapter 1 and listed in Table 1.1. Year-to-year 

variation is also an important consideration in the assessment of dairy farm 

efficiency (e.g. Cloutier and Rowley 1993; Fogarasi and Latruffe 2009). However, 

farm technology can change through time in commercial herds (e.g. the introduction 

of a new milking parlour; Fraser and Cordina 1999) making inter-year efficiency 

comparisons less reliable. A solution to the aforementioned issues is to use data from 

experimental dairy systems which divide the herd into sub-groups (‘treatments’) of 

interest, under the same management and where more detailed data are collected to 

strict protocols over multiple years. An example is the multiple-year genetic line × 

feeding systems experiment in Dumfries, Scotland, known as the ‘Langhill’ 

experiment (Pollott and Coffey 2008). 

The aims of this chapter are: (i) to introduce to dairy research additive DEA models 

that overcome the aforementioned modelling issues of proportionality and 

inappropriate modelling of undesirable outputs when calculating TE and EE; (ii) to 

demonstrate the potentials for more in-depth efficiency analyses and dairy systems 

comparisons using the Langhill dataset; (iii) to demonstrate how the analysis can be 

further informed by incorporating input price data in the study of TE; (iv) to assess 
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whether increasing TE also increases EE; and (v) to evaluate the performance of 

Langhill’s experimental dairy farming systems. 

2.3. METHODS 

2.3.1. Data envelopment analysis 

DEA was developed by Charnes et al. (1978), originating from Farrell’s (1957) 

work. It is a non-stochastic, non-parametric technique that benchmarks different 

decision-making units (DMUs) performing the same task in terms of their capacity to 

convert inputs into outputs by using the least resources and/or producing maximum 

desirable output and the least undesirable output. Calculation of the aggregated DEA 

efficiency index does not require a priori assumptions on the importance of each 

variable for the DMUs’ performance. This fact makes DEA a particularly attractive 

multiple-criteria tool. DEA constructs an efficient frontier, that is, a piece-wise linear 

surface over observed data points against which (the frontier) all DMUs are 

benchmarked (or ‘enveloped’). This frontier comprises of the best performers and the 

performance of all other DMUs is evaluated by deviations from the frontier line. This 

is a fundamental difference between DEA and methods such as regression as the 

latter reflects ‘average’ or ‘central tendency’ behaviour (Cooper et al. 2007) and is 

unable to provide a holistic characterization of DMUs within a multiple-objective 

assessment. 
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2.3.1.1. Dealing with proportionality in DEA 

In the introduction of this chapter I referred to the fact that most DEA dairy farm 

studies have used models assuming that a DMU can become efficient by 

proportionally reducing its inputs and/or undesirable outputs and/or by proportionally 

increasing its desirable outputs. For example, assume that one uses the model of 

Charnes et al. (1978) to maximize efficiency by minimizing input use or by 

maximizing production of desirable outputs. Also assume that this model has 

calculated an efficiency score of 0.80 for a specific farm (with this model scores are 

always between zero and one). Then efficient input use for this farm is 80% of its 

current input use, i.e. this farm has to reduce all its inputs by 20%. Accordingly, 

achieving efficient desirable output levels would require this farm to increase all its 

desirable outputs by 20%. 

There exist models not assuming that input excesses or desirable output shortfalls, 

called ‘inefficiencies’ or ‘slacks’ in the DEA terminology, are equal among inputs or 

desirable outputs. A family of such models is that of the additive models (e.g. Cooper 

et al. 1999; Cooper et al. 2011; Tone 2001). The term ‘additive’ is attributed to the 

fact that these models’ objective functions involve summations of all input and 

desirable output slacks (reference to undesirable output slacks is made later in the 

text) in order to identify all potential sources of inefficiency. This is further 

demonstrated below by presenting Tone’s (2001) slacks-based measure (SBM) of 

efficiency, variants of which were used in this chapter. 

Suppose that there are 𝑛 DMUs each using 𝑚 inputs to produce 𝑠 desirable outputs, 

denoted as 𝑥𝑖 (𝑖 = 1, … , 𝑚) and 𝑦𝑟 (𝑟 = 1, … , 𝑠), all assumed positive. The SBM 
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efficiency score of the jth DMU under evaluation, denoted as DMUo, is given by the 

following programme (Tone 2001): 

𝜌∗ = min
𝜆𝑗,𝑠𝑖𝑜,𝑠𝑟𝑜 

𝜌 =
1 −

1
𝑚

∑ 𝑠𝑖𝑜 𝑥𝑖𝑜⁄𝑚
𝑖=1

1 +
1
𝑠

∑ 𝑠𝑟𝑜 𝑦𝑟𝑜⁄𝑠
𝑟=1

 (1) 

subject to 

𝑥𝑖𝑜 = ∑ 𝑥𝑖𝑗𝜆𝑗

𝑛

𝑗=1

+ 𝑠𝑖𝑜 , 𝑖 = 1, … , 𝑚 

𝑦𝑟𝑜 = ∑ 𝑦𝑟𝑗𝜆𝑗

𝑛

𝑗=1

− 𝑠𝑟𝑜, 𝑟 = 1, … , 𝑠 

𝑠𝑖𝑜 , 𝑠𝑟𝑜 , 𝜆𝑗 ≥ 0 (𝑖 = 1, … , 𝑚, 𝑟 = 1, … , 𝑠, 𝑗 = 1, … , 𝑛) , 

where 𝑥𝑖𝑜 and 𝑦𝑟𝑜 are the inputs and desirable outputs of DMUo respectively, and 𝑠𝑖𝑜 

and 𝑠𝑟𝑜 are the input and desirable output slacks of DMUo respectively. The scalar 

𝜆𝑗, when greater than zero, indicates which DMUs were used as a reference by 

DMUo for the calculation of 𝜌∗. The above programme is run n times, once for each 

DMU. 

Because 𝜌 in model 1 is minimized, its numerator is minimized and its denominator 

is maximized. Minimizing the numerator minimizes the negative sum of input slacks 

which means that it maximizes the (positive) sum of input slacks. Maximizing the 

denominator also maximizes the sum of desirable output slacks. Thus, model 1 

calculates the maximal possible inefficiencies in inputs and desirable outputs that can 

occur for DMUo relatively to the other DMUs. The value of the numerator 

(denominator) is at most (at least) one because the sum of input (desirable output) 



30 

 

slacks is averaged and subtracted from (added to) unity. Thus, 𝜌∗ is bounded 

between zero and one, with one indicating that DMUo is efficient. 

When DMUo is efficient, all its slacks equal zero as this means that it does not need 

to further reduce its inputs and increase its desirable outputs to become efficient. If it 

is inefficient, one can identify through the slack values (which in this case are non-

proportional) the inputs and desirable outputs contributing the most to its 

inefficiency. For an inefficient DMU any choice of input resulting in 𝑥𝑖𝑜 >

∑ 𝑥𝑖𝑗𝜆𝑗
𝑛
𝑗=1  means that with some combination of inputs other DMUs (identified by 

the non-zero 𝜆𝑗 values) could have improved this input in amount by 𝑠𝑖𝑜 = 𝑥𝑖𝑜 −

∑ 𝑥𝑖𝑗𝜆𝑗
𝑛
𝑗=1  without worsening any other input or desirable output (Brockett et al. 

2004). The same applies for the desirable outputs and their shortfalls 𝑠𝑟𝑜 = 𝑦𝑟𝑜 +

∑ 𝑦𝑟𝑗𝜆𝑗
𝑛
𝑗=1 . 

Because the slacks are normalized by being divided by their corresponding inputs 

and desirable outputs, SBM is units invariant, that is, it is independent of the units in 

which the inputs and desirable outputs are measured, provided that these units are the 

same for every DMU (Cooper et al. 2007). Moreover, the normalization of slacks can 

be interpreted as a ‘data-driven’ weighting scheme. This weighting scheme is a more 

objective one compared to methods where the weights are (subjectively) pre-defined 

by the user (Cooper et al. 1999). 

2.3.1.2. Modelling undesirable outputs with DEA 

In the introduction I commented on the issues arising when one models undesirable 

outputs as inputs to be minimized or when one considers their reciprocals as 
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desirable outputs to be maximized. Other approaches have also been suggested in the 

literature (see Gomes and Lins 2008; Scheel 2001), such as considering the additive 

inverse of an undesirable output as a desirable output and then adding to this a 

positive scalar large enough to convert it to a positive value. These methods still fail 

to reflect the true production process and also cannot be applied to all DEA models. 

On the other hand, undesirable outputs can be modelled as such in an additive 

manner with the use of SBM models. Specifically, Tone’s (2001) SBM (model 1) has 

been extended to the Undesirable Output Model (Cooper et al. 2007) presented 

below. 

Suppose that, in addition to the 𝑚 inputs and 𝑠 desirable outputs defined above, the 𝑛 

DMUs also produce 𝑘 undesirable outputs, denoted as 𝑧𝑑 (𝑑 = 1, … , 𝑘), assumed 

positive. The Undesirable Output Model is the following programme: 

𝜌𝑢∗ = min
𝜆𝑗,𝑠𝑖𝑜,𝑠𝑟𝑜,𝑠𝑑𝑜 

𝜌𝑢 =
1 −

1
𝑚

∑ 𝑠𝑖𝑜 𝑥𝑖𝑜⁄𝑚
𝑖=1

1 +
1

𝑠 + 𝑘
(∑ 𝑠𝑟𝑜 𝑦𝑟𝑜⁄𝑠

𝑟=1 + ∑ 𝑠𝑑𝑜 𝑧𝑑𝑜⁄𝑘
𝑑=1 )

 (2) 

subject to 

𝑥𝑖𝑜 = ∑ 𝑥𝑖𝑗𝜆𝑗

𝑛

𝑗=1

+ 𝑠𝑖𝑜 , 𝑖 = 1, … , 𝑚 

𝑦𝑟𝑜 = ∑ 𝑦𝑟𝑗𝜆𝑗

𝑛

𝑗=1

− 𝑠𝑟𝑜, 𝑟 = 1, … , s 

𝑧𝑑𝑜 = ∑ 𝑧𝑑𝑗𝜆𝑗

𝑛

𝑗=1

+ 𝑠𝑑𝑜 , 𝑑 = 1, … , 𝑘 

𝑠𝑖𝑜 , 𝑠𝑟𝑜 , 𝑠𝑑𝑜 , 𝜆𝑗 ≥ 0 (𝑖 = 1, … , 𝑚, 𝑟 = 1, … , s, 𝑑 = 1, … , 𝑘, 𝑗 = 1, … , 𝑛) , 
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where 𝑧𝑑𝑜 and 𝑠𝑑𝑜 are the undesirable outputs and their slacks for DMUo 

respectively. Importantly, in model 2 the undesirable outputs are positioned in the 

output set and neither transformation of their values (e.g. reciprocal, additive inverse 

etc.) nor position change from output to input are required (Cooper et al. 2007). As 

with model 1, model 2 is run n times, 𝜌𝑢∗ takes values between zero and one and an 

efficient DMU has all its slacks equal to zero. 

An important aspect of undesirable output modelling is that of disposability, which 

refers to the impact that undesirable output reduction can have on inputs and 

desirable outputs. Specifically, undesirable outputs are weakly disposable when they 

cannot be reduced without increasing inputs or reducing desirable outputs. On the 

other hand, strongly disposable undesirable outputs can be reduced at no cost. (The 

readers are referred to Färe et al. 1989 as a starting point to disposability. Also, see 

Yang and Pollitt 2009 for a comprehensive coverage of references and for example 

models.) 

In dairy studies with DEA, undesirable outputs have been modelled as both weakly 

(e.g. Berre et al. 2013, 2014; Ramilan et al. 2011; Toma et al 2013) and strongly 

disposable (e.g. Iribarren et al. 2011; Shortall and Barnes 2013). Shortall and Barnes 

(2013), whose study’s undesirable outputs were GHGE, followed the argument of de 

Koeijer et al. (2002) that environmental impacts generated by non-point source 

pollutants must be addressed through more efficient input use rather than desirable 

output reduction. I adopted this logic to model GHGE, the undesirable output of this 

chapter (see Data sub-section below). However, it should be pointed out that weak 

disposability of undesirable outputs can be added to model 2 if necessary, see 

Bremberger et al. (2015). 
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2.3.1.3. Technical and environmental efficiencies with SBM 

TE can be defined as a DMU’s ability to minimize its inputs given its current 

(desirable and undesirable) output production. TE can also be defined as a DMU’s 

ability to maximize desirable output given its current input use and production of 

undesirable outputs. The former definition of TE refers to an input-oriented model 

while the latter to an output-oriented one. To demonstrate the TE model below, I 

used input orientation. Model 1 can be easily modified to an input-oriented TE 

measure as follows (Cooper et al. 2007): 

TE = min
𝜆𝑗,𝑠𝑖𝑜 

1 −
1

𝑚
∑ 𝑠𝑖𝑜 𝑥𝑖𝑜⁄

𝑚

𝑖=1
 (3) 

subject to 

𝑥𝑖𝑜 = ∑ 𝑥𝑖𝑗𝜆𝑗

𝑛

𝑗=1

+ 𝑠𝑖𝑜 , 𝑖 = 1, … , 𝑚 

𝑦𝑟𝑜 ≤ ∑ 𝑦𝑟𝑗𝜆𝑗

𝑛

𝑗=1

, 𝑟 = 1, … , 𝑠 

𝑧𝑑𝑜 ≥ ∑ 𝑧𝑑𝑗𝜆𝑗

𝑛

𝑗=1

, 𝑑 = 1, … , 𝑘 

𝑠𝑖𝑜 , 𝜆𝑗 ≥ 0 (𝑖 = 1, … , 𝑚, 𝑗 = 1, … , 𝑛) , 

where the third constraint is added because undesirable outputs were also present in 

our production technology (see Ramilan et al. 2011). It should be noted that model 3 

is a simple linear programme. Model 3 has also been used in the study of Iribarren et 

al. (2011). 
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EE is defined as a DMU’s ability to minimize undesirable outputs for the given input 

and desirable output levels (see Ramilan et al. 2011; Shortall and Barnes 2013). This 

leads to an undesirable output-oriented model. Model 2 can be modified so as to 

agree with this definition of EE as follows: 

EE = min
𝜆𝑗,𝑠𝑑𝑜 

1

1 +
1
𝑘

∑ 𝑠𝑑𝑜 𝑧𝑑𝑜⁄𝑘
𝑑=1

 (4) 

subject to 

𝑥𝑖𝑜 ≥ ∑ 𝑥𝑖𝑗𝜆𝑗

𝑛

𝑗=1

, 𝑖 = 1, … , 𝑚 

𝑦𝑟𝑜 ≤ ∑ 𝑦𝑟𝑗𝜆𝑗

𝑛

𝑗=1

, 𝑟 = 1, … , 𝑠 

𝑧𝑑𝑜 = ∑ 𝑧𝑑𝑗𝜆𝑗

𝑛

𝑗=1

+ 𝑠𝑑𝑜 , 𝑑 = 1, … , 𝑘 

𝑠𝑑𝑜 , 𝜆𝑗 ≥ 0 (𝑑 = 1, … , 𝑘, 𝑗 = 1, … , 𝑛). 

Model 4 can be converted to a simple linear programme by maximizing the objective 

function’s denominator instead and then calculating its reciprocal to obtain the EE 

score. 

Once the models for TE and EE are run, the optimal input and undesirable output 

slacks for DMUo can be used to examine variable-specific patterns, i.e. input and 

undesirable output savings potentials, by calculating the ratio of each slack over its 

corresponding input or undesirable output. 
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2.3.1.4. Seeking cost-effective reductions in inputs 

One can assign input price data to the optimal slacks 𝑠𝑖𝑜
∗  (the asterisk denotes 

optimality) calculated by model 3 in order to determine the proportion of their cost to 

the total input cost. I refer to this proportion as ‘slack share’ (Tsutsui and Goto 

2009). Specifically, let us define 𝑝𝑖𝑜 (𝑖 = 1, … , 𝑚) as the price of input 𝑥𝑖𝑜 for 

DMUo. Then the slack share of slack 𝑠𝑖𝑜
∗  for DMUo is given by the following ratio: 

𝑆𝑙𝑎𝑐𝑘 𝑠ℎ𝑎𝑟𝑒𝑖𝑜 =  (𝑝𝑖𝑜𝑠𝑖𝑜
∗ ) ∑ 𝑝𝑖𝑜𝑥𝑖𝑜

𝑚

𝑖=1
⁄  (𝑖 = 1, … , 𝑚). (5) 

Comparing a DMU’s input savings potentials with the slack shares reveals whether 

there exist both technical and economic incentives for this DMU to reduce its inputs 

to the technically efficient levels. For example, consider that DMUo has a large slack 

share for a specific input. Then, reducing this input by its slack would be effective 

for reducing the overall cost of DMUo. On the other hand, reducing an input with a 

large savings potential and a small slack share to its technically efficient levels would 

save only a small amount of the overall cost (see Tsutsui and Goto 2009). 

2.3.2. Data 

This chapter used detailed records from Scotland’s Rural College’s (SRUC) Langhill 

dairy systems study (Pollott and Coffey 2008; Veerkamp et al. 1994), a long-term 

breeding and feeding systems experiment. The production systems within the herd 

represented a range of dairy systems that may be found commercially. The herd 

consisted of genetic lines selected for kilograms of milk fat plus protein or selected 

to remain close to the average genetic merit for milk fat plus protein production for 

all animals evaluated in the UK each year. The advantage of this dataset is that it 
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provides information that is not routinely available on commercial farms and allowed 

for efficiency comparisons between clearly-defined systems; and between years. In 

the next sub-subsection I briefly describe the experiment, based on the studies of Bell 

et al. (2011), Chagunda et al. (2009), Pryce et al. (1999) and Ross et al. (2014). The 

second sub-subsection is devoted to the description of the DEA variables and their 

derivation. These DEA variables were derived by Toma et al. (2013) for the purpose 

of their own DEA exercise so readers are referred to their study for further details. 

The third sub-subsection describes the input price data used for the calculation of 

input slack shares. 

2.3.2.1. Langhill dairy systems experiment 

The data used in this chapter covered the period 2004–2010, during which time the 

experiment’s protocol remained unchanged. The herd was divided into four distinct 

systems defined by two different genetic merits fed on two different diets. The 

number of cows was kept at approximately 50 per system. The high forage diet 

aimed at providing 70–75% home-grown forage in the dry matter (DM), 

complemented by bought-in concentrates and summer grazing, typically from March 

to November. The low forage herds were housed all-year-round, and their diet 

consisted of about 45% home-grown forages and 55% bought-in concentrates. 

Within each diet, cows were either of average UK genetic merit for milk fat and 

protein production (control cows) or represented the top 5% of UK genetic merit 

(select cows). Thus, there were four distinct systems, namely high-forage control 

(HFC), high-forage select (HFS), low-forage control (LFC) and low-forage select 

(LFS). 
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Cows remained in the herd for at least three lactations unless culling was necessary 

due to reduced cow welfare. Cows of greater than three lactations could be retained 

in the herd until a replacement heifer of suitable genetic merit was available. Cows 

were milked three times a day and milk yield per cow was automatically recorded, 

while fat and protein concentrations in milk were obtained from weekly cow-specific 

samples. Live-weights were recorded after every milking for milking cows and 

weekly for dry cows and replacement animals. Feed intakes of individual milking 

cows were recorded using automated HOKO feed measurement gates (Insentec BV, 

Marknesse, The Netherlands).  

Other data recorded in the Langhill dataset include annual home-grown forage yields 

and on-farm fertilizer applications, land use and fuel use. Annual crop yields and 

hectares required were obtained directly from the database or from farm records. The 

Langhill database holds information on each farm field and all activities that are 

carried out such as sowing, fertilizing, and also the number of trailer loads harvested. 

Types of fertilizer used and application rates are also routinely recorded. 

2.3.2.2. DEA variables and how they were derived 

In this sub-subsection I outline the variables used in the DEA exercise. Then, I 

briefly describe the process followed by Toma et al. (2013) in order to derive these 

variables. For further details refer to their study. 

The following DEA input, output and undesirable output data per system and per 

year were used for the calculation of TE and EE: 
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- Inputs: home-grown feed (forage and grazed grass; t [tonnes] DM); 

purchased feed (concentrates; t DM); land use (ha); and nitrogen (N) fertilizer 

use (t N). It should be noted that land use and N fertilizer use data concerned 

only on-farm activities, i.e. land use and N fertilizer use embedded in 

purchased feed were not accounted for. Other inputs such as labour and 

capital were not available in the database and thus were not included in the 

input dataset. Replacements were also not included because replacement rates 

between systems were similar (the experiment’s protocol required that all 

cows remain in the system for maximum three lactations only). 

- Output: energy-corrected milk (t; see Sjaunja et al. 1990). 

- Undesirable output: GHGE (t CO2-eq. [CO2-equivalents]). 

Statistics for the data above per system and per year are presented in the Table 2.1. 
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Table 2.1 Statistics, input, desirable output and undesirable output data per system. 

   Inputs Desirable output Undesirable output 

System Year Number of 

cows 

Home-grown feed 

(t DM) 

Purchased feed 

(t DM) 

Land use (ha) N fertilizer (t N) Energy-corrected milk 

(t) 

GHGE (t CO2-eq.) 

LFC 

2004 43 156.9 300.9 17.9 2.8 356.9 373.8 

2005 47 176.2 391.5 24.7 2.4 414.4 421.6 

2006 49 192.2 402.7 19.6 3.1 430.7 438.4 

2007 50 211.6 427.2 30.3 3.1 456.8 461.6 

2008 50 207.2 426.6 28.6 3.3 482.3 468.2 

2009 50 188.4 425.9 26.1 3.0 473.6 541.4 

2010 51 198.9 424.4 30.1 3.2 478.2 514.8 

Mean 48 190.2 399.9 25.3 3.0 441.8 460.0 

SD 2.8 18.9 45.9 5.0 0.3 45.2 56.4 

LFS 

2004 37 163.3 304.6 18.8 2.9 393.2 380.0 

2005 36 159.1 346.7 22.2 2.2 401.1 390.4 

2006 40 194.6 401.2 19.9 3.1 482.7 419.6 

2007 44 216.8 424.4 31.0 3.2 494.2 442.5 

2008 44 204.8 403.0 28.1 3.2 537.7 449.0 

2009 48 193.9 425.0 26.5 3.0 549.6 533.5 

2010 53 219.6 446.1 32.8 3.4 641.4 547.6 

Mean 43 193.2 393.0 25.6 3.0 500.0 451.8 

 SD 6.0 24.0 49.9 5.5 0.4 87.0 65.7 
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HFC 

2004 43 209.4 220.6 25.9 4.3 339.9 424.0 

2005 49 256.2 247.3 37.7 3.7 384.7 478.4 

2006 52 239.3 237.8 27.7 4.3 379.3 499.3 

2007 53 275.1 259.6 41.1 5.0 381.4 515.5 

2008 54 290.6 284.1 43.4 4.6 395.2 530.1 

2009 55 278.3 287.3 41.2 4.8 454.3 605.9 

2010 55 284.6 293.5 45.7 4.3 411.1 571.4 

Mean 51 261.9 261.5 37.5 4.4 392.3 517.8 

SD 4.4 29.1 27.8 7.7 0.4 34.9 59.8 

HFS 

2004 42 221.4 214.9 27.3 4.5 408.6 427.0 

2005 47 253.6 226.7 37.3 3.6 409.0 451.0 

2006 47 226.6 224.0 26.3 4.1 380.6 453.6 

2007 47 255.6 230.8 38.2 4.6 385.1 466.9 

2008 51 287.5 263.7 43.0 4.6 451.9 513.5 

2009 55 279.6 268.4 41.4 4.8 477.1 585.7 

2010 55 304.0 272.2 48.3 4.5 541.2 588.0 

Mean 49 261.2 243.0 37.4 4.4 436.2 498.0 

SD 4.6 30.9 24.1 8.1 0.4 57.9 66.1 

HFC: high-forage control; HFS: high-forage select; LFC: low-forage control; LFS: low-forage select; SD: standard deviation; t: tonnes; DM: Dry Matter; N: 

nitrogen; GHGE: greenhouse gas emissions; CO2-eq.: carbon dioxide equivalents.
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I assumed that the systems’ technology did not change from year to year and so 

considered each system as a different DMU for each of the seven years of the 

experiment. This resulted in a total of (seven years) × (four systems) = 28 DMUs. 

This assumption was based on the fact that the experiment’s protocol and 

management practices remained unchanged during the years 2004–2010 and so did 

the systems’ production technology. 

The DEA variables were derived as follows. Data were extracted from the Langhill 

database for each cow and aggregated annually at the four system levels for each of 

the seven years. Data relating to milk yield, fertilizer application, fuel use, feed 

intake, land use and diet were extracted directly from the database and data for herd 

dynamics and young stock were taken from an annual inventory of the systems. 

Daily milk yields were summed by system and fat and protein concentrations from 

each of the three daily milking times were sampled and analysed once per week and 

averaged. 

Aggregated annual system data were then used to calculate total GHGE, expressed in 

t CO2-eq. The PAS2050 accredited SAC Carbon Calculator v3.11 (SAC 2011) 

estimated GHGE attributed to each of the four groups. The Carbon Calculator applies 

IPCC (2006) Tier 2 methodologies, equations, and emission factors (outlined in 

Table 1 in Toma et al. 2013) and requires detailed information regarding farm inputs 

and outputs related to livestock, land and crops, purchased feeds and energy use. 

Herd dynamic inputs were based on an annual reconciliation of all ages of livestock 

accounting for sales, purchases and cow culling. Direct and indirect CO2 emissions 

were calculated by allocating land hectares and fertilizer applications on a per-crop 

and fertilizer-type basis. Electricity use was not available in the database and was 
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estimated from milk yield (Sheane et al. 2010). Due to limited use or data 

unavailability, sprays of pesticides, fungicides, herbicides and carbon sequestration 

were not accounted for in the carbon foot-printing exercise. Also, emissions from 

meat production were not included because replacement rates were similar between 

systems, the destinations of culled cows varied, and the emissions from calves 

leaving the system for beef would be attributable to the farms raising them. 

2.3.2.3. Input price data 

By comparing the TE input savings potentials with their slack shares (derived from 

formula 5) showed whether or not it was cost-effective to reduce current input use 

(see sub-subsection ‘Seeking for cost-effective reductions in inputs’ above). For that 

purpose I used input price data for the financial year April 2010–March 2011 (Table 

2.2). Therefore, the comparison between input savings potentials and slack shares 

was restricted to systems HFC, HFS, LFC and LFS for the year 2010–2011 only so 

as to demonstrate formula 5. The price data in Table 2.2 were obtained from 

Langhill’s accounting data, the Farm Management Handbook (SAC Consulting 

2010) and from DairyCo’s online price data (http://www.dairyco.org.uk/market-

information/farm-expenses/#.VGsUj2d5erE). 

 

 

 

 

http://www.dairyco.org.uk/market-information/farm-expenses/#.VGsUj2d5erE
http://www.dairyco.org.uk/market-information/farm-expenses/#.VGsUj2d5erE
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Table 2.2 Input price data for each system for the financial year April 2010–March 2011. 

 HFC HFS LFC LFS 

Home-grown feed (£ [t DM]
-1

) 37.55 38.16 43.72 44.57 

Purchased feed (£ [t DM]
-1

) 196.95 198.87 205.01 209.02 

Land use (£ ha
-1

) 180.00 180.00 180.00 180.00 

N fertilizer (£ [t N]
-1

) 756.52 756.52 756.52 756.52 

HFC: high-forage control; HFS: high-forage select; LFC: low-forage control; LFS: low-forage select; 

t: tonnes; DM: Dry Matter; N: nitrogen. 

2.3.2.4. On the calculation of indicators for TE and EE 

The data for land use, N fertilizer use and home-grown feed were interrelated as, for 

example, minimizing home-grown feed involves reduced fertilizer requirements 

(Iribarren et al. 2011). Therefore, including land use, N fertilizer use and home-

grown feed in the same input set implies, to a large extent, double-counting of these 

three inputs. This can result in unreliable slack values for these three inputs. 

Consequently, I ran one DEA exercise with home-grown feed and purchased feed as 

the only inputs; and one where purchased feed was kept as an input but home-grown 

feed was replaced by two ‘proxies’, that is, land use and N fertilizer use (e.g. Kelly et 

al. 2012a). I denote TE and EE for the first DEA run as TE
F
 and EE

F
 (F for ‘feeds’) 

respectively. For the second run, TE and EE are denoted as TE
LN

 and EE
LN

 (L for 

‘land use’ and N for ‘N fertilizer’) respectively. I calculated the correlations between 

TE
F
 and TE

LN
 and between EE

F
 and EE

LN
 to test the degree to which these indicators 

were interchangeable with each other. The correlations were calculated with the non-
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parametric Spearman’s rank correlation coefficient. This coefficient quantifies 

monotone dependence between two variables by ranking their values (Panik 2005).  

All DEA and statistical calculations were run in the programming language R (R 

Core Team 2015). The code R code for models 3 and 4 is available in Appendix II. 

2.4. APPLICATION TO THE LANGHILL DATA 

2.4.1. Correlations between indicators for TE and EE 

2.4.1.1. Indicator interchangeability 

The Spearman’s rank correlation between TE
F
 and TE

LN
 was strong (0.78), while 

that between EE
F
 and EE

LN
 was near-perfect (0.99). These findings suggest that my 

four indicators for TE and EE are interchangeable. Thus, all four indicators are used 

in the analysis below. 

2.4.1.2. Synergy between TE and EE 

The (Spearman’s rank) correlations between TE
F
 and EE

F
; and between TE

LN
 and 

EE
LN

 were strong (0.65 and 0.85 respectively). This result is in line with the findings 

of Shortall and Barnes (2013) that more technically efficient dairy farms are also 

more environmentally efficient in terms of GHGE. 

2.4.2. Efficiency scores per efficiency type and system 

The efficiency scores per system for TE and EE are summarized in Table 2.3. For 

TE
F
 the highest-to-lowest efficiency systems were, both in terms of mean and 
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median, HFS > LFS > HFC > LFC. For EE
F
, TE

LN
 and EE

LN
 the highest-to-lowest 

efficiency systems were, both in terms of mean and median, LFS > HFS > LFC > 

HFC. Therefore, systems LFS and HFS, both systems with cows of high (select) 

genetic potential for milk production, were the best performers for TE and EE. This 

suggests that select cows might be better able to achieve higher efficiency 

performance, regardless of whether on a low-forage or a high-forage diet. Our 

findings for EE agree with those of Toma et al. (2013). My additional contribution to 

their findings was the calculation of TE which shows, for the case of TE
F
, that HFS 

systems could outperform LFS systems. However, the efficiency scores’ standard 

deviations for LFS and HFS systems indicated a higher variation of TE and EE 

scores between years. This was also true for the HFC system for TE
LN

. On the other 

hand, the LFC system was the least variable for both TE and EE at the expense of 

lower minimum and maximum efficiency scores (Table 2.3). 

Table 2.3 DEA efficiency scores for TE and EE per system averaged across the years 2004–
2010. 

 TE
F 

TE
LN 

 HFC HFS LFC LFS HFC HFS LFC LFS 

Mean 0.79 0.92 0.78 0.90 0.72 0.89 0.83 0.95 

SD 0.05 0.06 0.03 0.08 0.08 0.09 0.04 0.07 

Median 0.80 0.91 0.79 0.86 0.76 0.90 0.84 1.00 

Min 0.72 0.84 0.74 0.80 0.63 0.76 0.77 0.81 

Max 0.84 1.00 0.82 1.00 0.82 1.00 0.88 1.00 

Eff. DMUs 0 2 0 2 0 2 0 4 

 EE
F
 EE

LN 

 HFC HFS LFC LFS HFC HFS LFC LFS 

Mean 0.76 0.90 0.84 0.93 0.76 0.90 0.84 0.96 

SD 0.03 0.07 0.03 0.06 0.03 0.07 0.03 0.05 

Median 0.77 0.88 0.85 0.94 0.77 0.88 0.85 1.00 

Min 0.72 0.83 0.79 0.88 0.72 0.83 0.79 0.89 

Max 0.79 1.00 0.88 1.00 0.79 1.00 0.88 1.00 

Eff. DMUs 0 2 0 2 0 2 0 4 
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TE: technical efficiency; EE: environmental efficiency; TE
F
 and EE

F
: TE and EE, respectively, with 

home-grown feed and purchased feed as inputs; TE
LN

 and EE
LN

: TE and EE, respectively, with land 

use, N fertilizer use and purchased feed as inputs; HFC: high-forage control; HFS: high-forage select; 

LFC: low-forage control; LFS: low-forage select; SD: standard deviation; Eff. DMUs: number of 

efficient decision-making units. 

2.4.3. Savings potentials 

Using models 3 and 4 for the calculation of TE and EE respectively facilitated the 

identification of those inputs and undesirable outputs contributing the most to the 

DMUs’ inefficiency. This allowed for the identification of specific aspects in which 

the four systems differed. As discussed above, this can be done by looking at the 

input and undesirable output savings potentials. These savings potentials are 

summarised per efficiency type and system in Table 2.4. 

The savings potentials of system HFC for home-grown feed, land use and N fertilizer 

use were by far the largest (Table 2.4). Also, the same savings potentials were 

notably large for the system LFC, and they were the smallest for LFS. Two main 

conclusions are drawn from these results. First, the results confirm our findings 

above, i.e. systems HFC and LFC, comprising of control cows, cannot compete in 

terms of resource use efficiency with systems HFS and LFS, comprising of select 

cows (see Veerkamp et al. 1994). Second, they reflect the high dependency of HFC 

on home-grown feed and associated land use and N fertilizer use. These two 

conclusions are justified by looking at the same savings potentials for HFS: they 

were also large, but not always larger than those of LFC. In terms of purchased feed 

savings potentials, systems LFC and LFS were comparatively disadvantaged as a 

larger part of their diet depended on purchased feed. It should be noted though that 
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the difference in purchased feed savings potentials between LFC and LFS was quite 

large, with the latter system performing better. 

Table 2.4 Input and undesirable output savings potentials (%) per system and efficiency 
type. 

 TE
F 

TE
LN EE

F 
EE

LN 

 Home-grown feed Purchased feed Land use N fertilizer Purchased feed GHGE 

HFC 42.7 0.9 39.3 48.2 0.9 32.5 32.5 

HFS 16.3 0.0 11.6 21 0.0 11.3 11.2 

LFC 20.5 23.2 12.4 20.1 21.8 19.8 19.4 

LFS 9.8 10.5 4.1 6.3 5.9 7.0 4.0 

TE
F
 and EE

F
: technical and environmental efficiency, respectively, with home-grown feed and 

purchased feed as inputs; TE
LN

 and EE
LN

: technical and environmental efficiency, respectively, with 

land use, N fertilizer use and purchased feed as inputs; HFC: high-forage control; HFS: high-forage 

select; LFC: low-forage control; LFS: low-forage select; GHGE: greenhouse gas emissions. 

The lowest to highest ranking of the four systems for GHGE savings potentials was 

LFS > HFS > LFC > HFC (Table 2.4). This is an important finding in that it 

demonstrates the advantage of aggregated DEA indicators over partial ratios. Indeed, 

Toma et al. (2013) expressed the four systems’ GHGE per kg of energy-corrected 

milk and found that the systems ranked as LFS > LFC > HFS > HFC. This partial 

ratio of efficiency ignored other production factors (feed, land, N fertilizer), leading 

to the conclusion that LFC systems are more environmentally efficient than HFS. 

Our finding also demonstrates the usefulness of non-proportional slacks for ranking 

DMUs in terms of input and undesirable output-specific performance. 

2.4.4. Savings potentials and slack shares for the year 2010–2011 

In this subsection I demonstrate the benefit of introducing input price data to the 

analysis of TE. We calculated the four systems’ slack shares for the year 2010–2011 
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(the last year of the experiment) with formula 5 and compared these to the systems’ 

input savings potentials for the same year (Table 2.5). 

The savings potentials of systems HFS and LFS were zero for the year 2010–2011 so 

I focused the analysis on HFC and LFC systems (Table 2.5). Notably, the savings 

potentials of system HFC for home-grown feed, land use and N fertilizer use were 

large (between 49.3% and 54%). However, the corresponding slack shares ranged 

between 2.3% and 7.9%. The same was true for LFC but to a lesser extent. On the 

other hand, both the savings potential and slack share of purchased feed were high 

for LFC. 

Table 2.5 Input savings potentials and slack shares per system for the year 2010–2011. 

 TE
F 

TE
LN 

 Home-grown 

feed 

Purchased feed Land use N fertilizer Purchased feed 

 Sav. 

pot. 

Slack 

share 

Sav. 

pot. 

Slack 

share 

Sav. 

pot. 

Slack 

share 

Sav. 

pot. 

Slack 

share 

Sav. 

pot. 

Slack 

share 

HFC 50.5 7.9 2.6 2.2 54 6.4 49.3 2.3 2.6 2.2 

HFS 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

LFC 17.7 1.6 21.6 19.7 18.8 1.1 20.1 0.5 21.6 19.9 

LFS 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

TE
F
 and EE

F
: technical and environmental efficiency, respectively, with home-grown feed and 

purchased feed as inputs; TE
LN

 and EE
LN

: technical and environmental efficiency, respectively, with 

land use, N fertilizer use and purchased feed as inputs; Sav. pot.: savings potential; HFC: high-forage 

control; HFS: high-forage select; LFC: low-forage control; LFS: low-forage select. 

These results are particularly interesting for home-grown feed, purchased feed and N 

fertilizer use, for the following reason. Comparing the slack shares with the savings 

potentials can help prioritize the reduction of those inputs that simultaneously result 

in increased TE and economic savings. For example, LFC clearly had to prioritize 
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the reduction of purchased feed over home-grown feed and N fertilizer use (Table 

2.5). Such an analysis with SBM would be greatly beneficial for commercial farmers, 

especially when combined with further economic analyses on the slacks. For 

instance, in the study of Iribarren et al. (2011), the slacks derived from model 3 were 

‘priced’ to show that Galician dairy farms could achieve significant economic 

savings. 

2.5. CONCLUSION 

In this chapter I demonstrated the advantages of additive SBM models for the 

calculation and analysis of the efficiency of dairy systems. The SBM models 

aggregate the non-proportional input and (desirable and undesirable) output slacks 

into single efficiency scores without requiring a priori weighting of the inputs and 

outputs. The efficiency scores are dimensionless and bounded between 0 and 1, thus 

allowing for the comparison of different DMUs in terms of efficiency. The slacks 

can be used for further efficiency analyses, for example to determine the contribution 

of each DEA variable to each DMU’s inefficiency. Also, the input slacks can be 

‘priced’ so as to determine the cost of inefficient input use. Moreover, with SBM 

models undesirable outputs are positioned in the output set. Thus, neither 

transformation of their values (e.g. reciprocal, additive inverse etc.) nor position 

change from output to input are required for the calculation of EE. 

In this chapter, the SBM models were applied to compare the four Langhill systems, 

namely, HFC, HFS, LFC and LFS. The Langhill dataset is particularly advantageous 

for systems comparisons because it consists of detailed data collected to strict 
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protocols over multiple years. Importantly, efficiency drivers/differentials such as 

farm management and bio-physical conditions do not apply as all four systems were 

in the same farm. My main conclusions are listed below: 

1. The strong and positive correlation between TE and EE suggests that when 

technically efficient, the four systems are also efficient in terms of GHGE 

reduction. 

2. The better efficiency performance for TE and EE of LFS and HFS systems 

compared to that of HFC and LFC systems shows that select animals could 

outperform control animals in terms of efficiency regardless of feeding strategy. 

However, HFS and LFS systems were more volatile from year to year for TE and 

EE. 

3. These results require further testing with larger datasets. They demonstrate, 

however, the value of SBM for this type of analyses. Because of recent 

advancements in precision agriculture for commercial herds (e.g. HM 

Government 2013), the use of more advantageous efficiency models such as 

SBM grows in importance. 
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3. CHAPTER THREE. Holistically assessing 

farm eco-efficiency with LCA and DEA 

After article in Animal (accepted in final form). See Declaration page. 

3.1. CHAPTER THREE ABSTRACT 

Eco-efficiency is a useful guide to dairy farm sustainability analysis aimed at 

increasing output (physical or value added) and minimizing environmental impacts 

(EIs). Widely-used partial eco-efficiency ratios (EIs per some functional unit, e.g. kg 

milk) can be problematic because (i) substitution possibilities between EIs are 

ignored, (ii) multiple ratios can complicate decision-making and (iii) EIs are not 

usually associated with just the functional unit in the ratio’s denominator. The 

objective of this chapter is to demonstrate a ‘global’ eco-efficiency modelling 

framework dealing with issues (i)-(iii) by combining Life Cycle Analysis (LCA) data 

and the multiple-input, multiple-output production efficiency method Data 

Envelopment Analysis (DEA). With DEA each dairy farm’s outputs and LCA-

derived EIs are aggregated into a single, relative, bounded, dimensionless eco-

efficiency score, thus overcoming issues (i)-(iii). A novelty of this chapter is that a 

model providing a number of additional desirable properties was employed, known 

as the Range Adjusted Measure (RAM) of inefficiency. These properties altogether 

make RAM advantageous over other DEA models and are as follows. First, RAM is 
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able to simultaneously minimize EIs and maximize outputs. Second, it indicates 

which EIs and/or outputs contribute the most to a farm’s eco-inefficiency. Third it 

can be used to rank farms in terms of eco-efficiency scores. Thus, non-parametric 

rank tests can be employed to test for significant differences in terms of eco-

efficiency score ranks between different farm groups. An additional DEA 

methodology was employed to ‘correct’ the farms’ eco-efficiency scores for 

inefficiencies attributed to managerial factors. By removing managerial inefficiencies 

it was possible to detect differences in eco-efficiency between farms solely attributed 

to uncontrollable factors such as region. Such analysis is lacking in previous dairy 

studies combining LCA with DEA. RAM and the ‘corrective’ methodology were 

demonstrated with LCA data from French specialized dairy farms grouped by region 

(West France, Continental France) and feeding strategy (regardless of region). Mean 

eco-efficiency score ranks were significantly higher for farms with <10% and 10-

30% maize than farms with >30% maize in the total forage area before correcting for 

managerial inefficiencies. Mean eco-efficiency score ranks were higher for West 

than Continental farms, but significantly higher only after correcting for managerial 

inefficiencies. These results can help identify the eco-efficiency potential of each 

region and feeding strategy and could therefore aid advisors and policy makers at 

farm or region/sector level. The proposed framework helped better measure and 

understand (dairy) farm eco-efficiency, both within and between different farm 

groups. 
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3.2. INTRODUCTION 

Chapter 2 employs additive models to measure technical and environmental 

efficiency of dairy systems. These two types of efficiency reflect an on-farm 

operational perspective, that is, the problem of reducing on-farm inputs, their costs 

and undesirable outputs for the given production levels. The current chapter adopts a 

wider, societal perspective to dairy farm environmental performance by focusing on 

the so-called ‘eco-efficiency’ of farms, that is, to maximize agricultural output with 

the least environmental impacts (EIs). Eco-efficiency was originally developed for 

the business sector and is typically expressed as a ratio of product or service value to 

EI (ESCAP 2009). In dairy studies eco-efficiency accounts for a number of on and 

off-farm EIs in relation with the amount of output produced on the farm. In this 

chapter the impacts were obtained by a comprehensive LCA dataset and the eco-

efficiency indicator was calculated with an additive DEA model. 

In dairy studies, eco-efficiency is usually expressed as the ratio of an EI per some 

functional unit such as kg milk or ha land (e.g. Basset-Mens et al. 2009b; Bava et al. 

2014; Casey and Holden 2005; Guerci et al. 2013; van Calker et al. 2008). Using 

LCA, some studies have been confined to comparing different dairy systems in terms 

of several eco-efficiency indicators defined by two or more functional units (e.g. 

Basset-Mens et al. 2009b). Others have examined the relationships between eco-

efficiency ratios and related factors (e.g. farming intensity, farm self-sufficiency) by 

employing multivariate methods such as regression (Casey and Holden, 2005) and 

principal component analysis (Bava et al. 2014). Other studies have focused on 
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expressing the relative importance of several eco-efficiency indicators based on 

different stakeholder weighting schemes (see van Calker et al. 2008). 

There are some main comments to be made on the approaches to dairy farm eco-

efficiency in the aforementioned studies. First, analyses involving multiple partial 

(eco-efficiency) ratios bear the limitations extensively discussed in Chapters 1 and 2. 

Moreover, analyses with methods such as regression and principal component 

analysis are subject to the method chosen to normalize/standardize eco-efficiency 

ratios expressed in different units. Additionally, assigning subjective weights to 

indicators (e.g. the eco-efficiency ratios) has been debated in the literature 

(Kuosmanen and Kortelainen 2005). Finally, allowance should be made for the fact 

that there exist factors affecting eco-efficiency that are beyond managerial control, 

such as the different bio-physical conditions under which farms operate (see Bogetoft 

and Otto 2011; Jan et al. 2012). 

All aforementioned limitations can be overcome with DEA (see Chapters 1 and 2). 

Indeed, as with Chapter 2, the DEA model employed here is units invariant and 

produces a ‘data-driven’ weighting scheme. Also, with DEA no allocation of EIs to 

specific products is required because the farm is assessed as a whole, multiple-input, 

multiple-output entity. Finally, DEA methodologies correcting for managerial 

inefficiencies and accounting for uncontrollable factors are available, such as that of 

Brockett and Golany (1996) adopted in this chapter. 

DEA has been applied in several dairy studies for the calculation of eco-efficiency. 

For example, Jan et al. (2012) and subsequently Pérez Urdiales et al. (2015) used the 

DEA eco-efficiency model of Kuosmanen and Kortelainen (2005) to define a dairy 
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farm eco-efficiency ratio. This ratio equalled the amount of (physical or monetary) 

dairy farm output to an aggregate EI index calculated as a weighted summation of all 

EIs considered in their study. This ratio was then maximized by minimizing the 

aggregate EIs for the given production levels. Importantly, the EIs in Jan et al. (2012) 

were LCA-derived. In fact, efficiency studies are increasingly recognizing the 

advantages of combining LCA with DEA as the former can capture EIs using 

detailed, cradle-to-grave data (e.g. land use required for the production of feed 

imported in the dairy farm plus on-farm land use), while the latter has the 

aforementioned advantages (Vázquez-Rowe and Iribarren 2015). 

The objective of this chapter is to propose a framework combining LCA with DEA 

that not only overcomes the aforementioned issues, but also improves the 

measurement and understanding of farm eco-efficiency using dairying as exemplar. 

This will guide farming practice to greater yet sustainable production (sustainable 

intensification) as advocated for example by the UK Foresight report (2011). The 

DEA model employed, known as the range adjusted measure (RAM) of inefficiency 

(Cooper et al. 1999), has several desirable properties, for example it allows for the 

ranking of farms in terms of eco-efficiency performance. Moreover, it seeks to 

maximize eco-efficiency by simultaneously minimizing EIs and maximizing 

production. Furthermore, it can identify the factors contributing the most to 

inefficiency, such as excess EIs and/or under-produced outputs. A method to isolate 

managerial inefficiency from uncontrollable factors is also demonstrated. That way, 

it was possible to compare different dairy systems in terms of eco-efficiency solely 

under the influence of uncontrollable, rather than managerial, factors. The exercise 

was run using detailed LCA data for French specialized dairy farms. Region was 
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considered as the uncontrollable factor in this chapter due to the remarkable 

differences between West and Continental France in terms of farm structure and bio-

physical conditions (Gac et al. 2010b). The results help identify the eco-efficiency 

potential of each region and feeding strategy and could therefore aid advisors and 

policy makers at farm or region/sector level. 

3.3. METHODS 

3.3.1. Data 

LCA was used to estimate several important midpoint impacts of dairy farming 

systems using the SimaPro tool (https://pre-sustainability.com/simapro/). The LCA 

was conducted using the DIAPASON database resulting from a partnership 

involving voluntary participation of farmers, the Chambers of Agriculture (France) 

and the French Livestock Institute. This database contains detailed information on 

technical and economic operations of nearly 500 farms each year throughout France 

(Charroin et al. 2005). 

Environmental performance was assessed by indicators of pressure from agricultural 

activity on the environment considering midpoint impact indicators of LCA. The 

frontier of the farm system was limited to the farm, considered as a system dedicated 

to agricultural products (crops, milk, meat) at farm gate. Impacts associated with 

these products beyond the farm gate were not considered in this chapter. The limits 

of the system included the whole farm and all the inputs of the farming system. The 

system and its main processes are described in Figure 3.1. 
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Figure 3.1 Description of the dairy farming system used for the Life Cycle Analysis (LCA) 
calculations. 

The different EIs considered in this chapter are midpoint impacts consistent with the 

CML 2001 methodology (Guinée et al. 2002) with some specific equations to 

estimate the emissions. They concern global warming potential and non-renewable 

energy according to the greenhouse gas emissions GES’TIM methodology (Gac et al. 

2010a) and non-renewable energy use (Béguin et al. 2008) and based on the Fourth 

Assessment Report of the Intergovernmental Panel on Climate Change (IPCC 2007). 

Eutrophication was calculated as a unique impact according to the CML 2001 

methodology (Guinée et al. 2002) and acidification using equations from 

EMEP/CORINAIR (2002). Table 3.1 summarizes the inventory of all the emissions 

considered to calculate the different impacts.
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Table 3.1 On-farm emissions due to different sources of the farming system. 

 Source and emissions 

 Enteric Building Storage 

Fertilization 

Grazing 

Crop 

residue Indirect Combustion N
2
 

leaching 

(NO3) 

P
3
 

runoff 

(PO4) 

Organic Min.
1 

 CH4 

CH4, 

N2O 

NH3, 

NO CH4 N2O 

NH3, 

NO 

N2O, 

NO NH3 

N2O, 

NH3, 

NO CH4 

N2O, 

NH3, 

NO N2O N2O 

CO2, SO2, 

PO4 

Milk yield, fat % X                

Livestock units X X        X       

% time indoors  X X       X X      

Building type  X               

Manure type    X X   X         

Animal N exc.
4 

  X  X X X X   X      

MS (time & vol.)
5 

   X             

N/P fertilization         X       X 

Energy use              X   

Inputs              X   

Farm N surplus             X  X  

Crop rot.
6 

           X X  X X 

1
Mineral; 

2
Nitrogen; 

3
Phosphorous; 

4
Animal nitrogen excretion; 

5
Time and volume of manure storage (MS); 

6
Crop rotation. 

 



59 

 

The factors applied to the nitrogen (N), phosphorus and carbon fluxes (calculated 

with the DIAPASON database), generated estimates of EIs. Dry matter intake and 

mineral excretion in the faeces and urine of animals were calculated according to 

physiological needs (milk production, weight after calving) using equations proposed 

by CORPEN (1999) taking into account the farmers’ feeding practices (types of 

forages and concentrates). The carbon (C) storage of permanent grassland that was 

taken into account was up to 500 kg C/ha per year (Gac et al., 2010b). On-farm N 

leaching was estimated using the N farm surplus, including symbiotic fixation (based 

on a fixed proportion of legumes for permanent grassland), but after removing losses 

of ammonia and organic N storage in soils assumed as 10% of C storage (with C:N 

ratio of 10), which represents 50 kg N/ha per year in permanent pasture. The impact 

values of inputs were derived from the LCA database ‘ecoinvent’ (Nemecek and 

Kägi 2007) and Gac et al. (2010a). Because the whole farm was chosen as the 

functional unit, all farm products were considered simultaneously in this analysis, 

therefore no allocation of emissions to the different products was applied. 

Finally, 185 dairy farms (specialized dairy farms according to the widely recognised 

Farm Accounts Data Network [FADN] typology) located in different French lowland 

regions in 2007 and 2008 were kept in this chapter. The different farms were 

classified into two main groups according to climate zone and specialisation: 

Oceanic Specialized Systems (OSS; West France, consisting of the following 

regions: Basse-Normandie, Bretagne, Haute-Normandie, Pays de la Loire, Poitou-

Charente) and Continental Specialized Systems (CSS; Continental France, consisting 

of the following regions: Alsace, Centre, Champagne-Ardenne, Franche-Comté, 

Lorraine, Rhône-Alpes). The second dimension of the typology, crossed with the 
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first dimension, concerned the type of feeding strategies, based on the area of maize 

silage in the total forage area of the farm: <10%, 10-30%, >30% maize. Other farm 

classes were not considered due to insufficient number of farms in the class. Table 

3.2 summarizes the five EIs and three outputs used in this chapter per system for the 

years 2007 and 2008. 
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Table 3.2 Statistics of dairy farm environmental impacts and outputs per system, in both years 2007 and 2008. 

 CSS
1
 (n = 59) OSS

2
 (n = 126) 

Data Min Max Mean SD Min Max Mean SD 

EI
3 

        Non-renewable energy (10
3
 MJ) 580 5256 1643 846 343 4223 1406 709 

Land use (ha) 48 351 133 67 48 268 101 43 

Eutrophication (kg PO4) 625 10890 3200 2241 425 10070 3200 2058 

Acidification (kg SO2) 2189 11780 4728 1982 1543 8413 3798 1419 

GWP
4
 (kg CO2) 163500 1431000 535000 257097 91400 1330000 507200 218404 

Outputs 

        Milk (kg protein) 2210 10540 5218 1957 2080 10900 5195 1907 

Meat (kg live weight) 0 73410 21700 13401 0 92210 23330 11644 

Crops (10
3
 MJ) 614 10930 3488 2683 0 8152 2142 1848 

1
Continental Specialized Systems; 

2
Oceanic Specialized Systems; 

3
Environmental impact; 

4
Global warming potential.
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3.3.2. DEA 

DEA is extensively described in subsection 2.3.1. In this chapter I use Figure 3.2 to illuminate 

the efficient frontier, that is, a convex, piece-wise linear surface over observed data points 

against which all DMUs are benchmarked (or ‘enveloped’). Figure 3.2 represents an efficient 

frontier ABC for the single-EI, single-output case. The efficient frontier comprises of the best 

performers (DMUs A, B and C in Figure 3.2) and the performance of all other DMUs (e.g. 

DMU D in Figure 3.2) is evaluated by deviations from the frontier line (Cooper et al. 2007). 

Convexity in DEA allows for the interpolation from observed DMUs to ‘virtual’ DMUs with 

input- output profiles between the observations, allowing us to rely on fewer actual 

observations. These ‘virtual’ DMUs are derived as convex combinations of inputs and outputs 

of observed DMUs. Convexity can be illustrated in Figure 3.2 as follows. Any line connecting 

any two points belonging to, or being placed below, the frontier would also be placed on or 

below the frontier, and never outside this space (i.e. above the frontier). The points these lines 

comprise of can represent both observed and ‘virtual’ DMUs. See Bogetoft and Otto (2011) 

for a theoretical background on convexity in DEA. 
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Figure 3.2 An efficient frontier ABC in the case of a single environmental impact (EI) and a single 
output. Inefficient decision-making unit D seeks maximal EI reduction and output expansion and thus 
is projected on ABC at point B. 

3.3.3. DEA in the eco-efficiency context 

Eco-efficiency measurement with DEA is advantageous for three main reasons: (i) several EIs 

are aggregated into a single index, (ii) substitution possibilities between EIs are not left 

unaccounted for and (iii) no allocation of EIs to specific outputs is required. Points (i)-(iii) can 

be expressed in the DEA context by minimizing the denominator of the following ratio: 

𝐸𝑐𝑜 − 𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦 = max {
𝑂𝑢𝑡𝑝𝑢𝑡

𝑊𝑒𝑖𝑔ℎ𝑡𝑒𝑑 𝑠𝑢𝑚 𝑜𝑓 𝐸𝐼𝑠
}, (1) 

subject to a number of constraints (see Kuosmanen and Kortelainen 2005). In ratio 1 the 

output can be expressed in monetary or physical terms. The weights summing the various EIs 

are calculated by the DEA model itself so one need not rely on subjective, pre-defined weight 

choices for the importance of each EI. Specifically, the DEA model maximizing ratio 1, 
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selects the most self-favourable weights for each DMU so that its eco-efficiency is 

maximized. These weights cancel out the (often) different measurement units of the EIs, 

making the DEA model units invariant (Cooper et al. 2007). 

Despite its usefulness, the eco-efficiency DEA model of Kuosmanen and Kortelainen (2005) 

suffers from the proportionality and orientation issues outlined in sub-subsection 2.3.1.1. 

Indeed, with ratio 1 simultaneous minimization of EIs and maximization of output is not 

possible and DMU D in Figure 3.2 would have to move horizontally (vertically) towards the 

frontier to become efficient, ignoring any potential increases (decreases) in its output (EI). 

Because eco-efficiency expresses the idea of firms (e.g. dairy farms) providing ‘more’ to 

society with less EIs, it is desirable to use a DEA model allowing for simultaneous, non-

proportional adjustments (slacks) in EIs and output. Therefore, this chapter also turns to an 

additive DEA model. 

Since additive models involve summations of all input and output slacks in order to identify 

all potential sources of inefficiency, DMU D in Figure 3.2 would move towards point B. In 

Figure 3.2 this summation is represented by the vector heading from point D towards point B 

and equals the maximal sum of the EI slack and the Output slack. As will be shown below, 

this summation of all slacks in the objective function departs from the ratio form of ratio 1. 

However, it is consistent with the idea of maximizing output while minimizing EIs and thus 

has been adopted in past eco-efficiency studies (see Ramli and Munisamy 2015 and the 

related studies they cite). This chapter employed the RAM additive model (Cooper et al., 

1999), presented below. RAM and its variants have been used in several eco-efficiency 

studies of industries other than dairy, see Ramli and Munisamy (2015). 
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3.3.3.1. Range adjusted measure of inefficiency 

Suppose that there are 𝑛 DMUs (e.g. dairy farms) each using 𝑚 inputs (or EIs in the case of 

this chapter) to produce 𝑠 outputs, denoted as 𝑥𝑖 (𝑖 = 1, … , 𝑚) and 𝑦𝑟 (𝑟 = 1, … , 𝑠) 

respectively. The RAM inefficiency score of the jth DMU, denoted as DMUo, is given by the 

following linear program (Cooper et al. 1999): 

𝜌∗ = max
𝜆𝑗,𝑠𝑖𝑜,𝑠𝑟𝑜 

1

𝑚 + 𝑠
(∑

𝑠𝑖𝑜

𝑅𝑖

𝑚

𝑖=1

+ ∑
𝑠𝑟𝑜

𝑅𝑟

𝑠

𝑟=1

) (2) 

subject to 

𝑥𝑖𝑜 = ∑ 𝑥𝑖𝑗𝜆𝑗

𝑛

𝑗=1

+ 𝑠𝑖𝑜 , 𝑖 = 1, … , 𝑚 

𝑦𝑟𝑜 = ∑ 𝑦𝑟𝑗𝜆𝑗

𝑛

𝑗=1

− 𝑠𝑟𝑜, 𝑟 = 1, … , 𝑠 

∑ 𝜆𝑗

𝑛

𝑗=1

= 1 

𝑠𝑖𝑜 , 𝑠𝑟𝑜, 𝜆𝑗 ≥ 0 (𝑖 = 1, … , 𝑚, 𝑟 = 1, … , 𝑠, 𝑗 = 1, … , 𝑛) , 

where 𝑥𝑖𝑜 and 𝑦𝑟𝑜 are the inputs and desirable outputs of DMUo respectively; 𝑠𝑖𝑜 and 𝑠𝑟𝑜 are 

the input and output slacks of DMUo respectively. (Note: input slacks represent overused 

inputs, i.e. DMUo could have produced the same amount of output using less input. Output 

slacks represent output shortfalls, i.e. DMUo could have produced more output given its 

current input use.) 𝜆𝑗 is a scalar which, when positive, indicates that DMUj has been used as a 

reference (i.e. benchmark) by DMUo; and 𝑅𝑖 = max𝑗{𝑥𝑖𝑗} − min𝑗{𝑥𝑖𝑗}, 𝑅𝑜 = max𝑗{𝑦𝑟𝑗} −

min𝑗{𝑦𝑟𝑗} represent the ranges in inputs and outputs, respectively, common across all DMUs. 
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The ranges act as a ‘data-driven’ weighting scheme that normalizes the slacks and makes 

RAM units invariant. The objective function represents the average proportion of the 

inefficiencies that the ranges show to be possible in each input and output (Cooper et al. 

1999). The constraint ∑ 𝜆𝑗
𝑛
𝑗=1 = 1 is the ‘variable returns-to-scale’ specification (see Cooper 

et al. 2007) which ensures that a farm is only compared to farms of similar size. This 

specification was desirable in this chapter as DEA works with absolute values rather than 

ratios. 

Model 2 is run 𝑛 times, once for each DMU. When DMUo is efficient all its slacks equal zero 

as this means that it does not need to further reduce its inputs and increase its outputs to 

become efficient (e.g. DMUs A, B and C in Figure 3.2). In this case RAM inefficiency 𝜌∗ in 

model 2 equals 0, indicating that DMUo is 100% efficient. If DMUo is inefficient, one can 

identify through the slack values (which in this case are non-proportional) the inputs and 

desirable outputs contributing the most to its inefficiency. For an inefficient DMU (e.g. DMU 

D in Figure 3.2) any choice of input resulting in 𝑥𝑖𝑜 > ∑ 𝑥𝑖𝑗𝜆𝑗
𝑛
𝑗=1  means that with some 

combination of inputs other DMUs (identified by the non-zero 𝜆𝑗 values) could have 

improved this input in amount by 𝑠𝑖𝑜 = 𝑥𝑖𝑜 − ∑ 𝑥𝑖𝑗𝜆𝑗
𝑛
𝑗=1  without worsening any other input or 

output (Brockett et al. 2004). Consider, for example a DMU on ABC with coordinates (2.7, 3) 

as opposed to DMU D with coordinates (7, 3) in Figure 3.2. The same applies for the 

desirable outputs and their shortfalls 𝑠𝑟𝑜 = 𝑦𝑟𝑜 + ∑ 𝑦𝑟𝑗𝜆𝑗
𝑛
𝑗=1 . In this case consider a DMU 

with coordinates (7, 5.7) as opposed to DMU D in Figure 3.2. In either case RAM 

inefficiency 𝜌∗ is greater than 0, indicating that DMUo is inefficient. 
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Because ∑ 𝜆𝑗
𝑛
𝑗=1 = 1 in model 2 it follows that 𝑠𝑖𝑜 = ∑ (𝑥𝑖𝑜 − 𝑥𝑖𝑗)𝜆𝑗

𝑛
𝑗=1 ≤ ∑ 𝑅𝑖𝜆𝑗

𝑛
𝑗=1 = 𝑅𝑖 

and similarly 𝑠𝑟𝑜 ≤ 𝑅𝑟 and thus 0 ≤ 𝜌∗ ≤ 1. Hence, the measure of inefficiency 𝜌∗ in model 2 

can be easily converted to a measure of efficiency as follows: 

𝑅𝐴𝑀 𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦 = 1 − 𝜌∗.        (3) 

RAM efficiency 3 is bounded by 0 and 1. Unity indicates that the DMU under evaluation is 

efficient while values less than 1 imply that it is inefficient. 

Two very attractive properties of RAM are the following: (i) RAM uses the ranges as a 

common weighting scheme across all DMUs; and (ii) RAM is strongly monotone in the 

slacks, that is, holding any other inputs and outputs constant, an increase (decrease) in any of 

its inputs (outputs) will increase the inefficiency score for an inefficient DMU. Model 1 does 

not carry properties (i-ii). 

Properties (i)-(ii) allow for a full ranking of inefficient DMUs in terms of their RAM 

efficiency score 3 (Cooper et al. 1999). (Not all DEA models carry this property. For 

example, with ratio 1 one cannot say that a DMU with a score of 0.8 is more eco-efficient 

than a DMU with a score of 0.7 because the EI weights are DMU-specific and will generally 

differ between DMUs.) This was strongly desirable in the current chapter so as to determine 

whether farms ranked higher in terms of eco-efficiency in a specific region or under a certain 

feeding strategy. 

3.3.3.2. DEA variables 

This chapter used the five EIs and three outputs in Table 3.2 for the calculation of eco-

efficiency with RAM, namely non-renewable energy use, land use, eutrophication, 

acidification, global warming potential and milk, meat and crop production. With DEA, 
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increasing the number of variables also increases the number of efficient DMUs which can be 

quite problematic with small sample sizes. A rough rule of thumb is to choose 𝑛 ≥

max{𝑚 × 𝑠, 3 × (𝑚 + 𝑠)} (Cooper et al. 2007, p.116). The rule of thumb was satisfied in this 

chapter: 𝑛 = 185 ≥ max{𝑚 × 𝑠, 3 × (𝑚 + 𝑠)} = 24. 

3.3.4. Testing for differences in eco-efficiency between regions and feeding 
strategies 

Differences in dairy farm eco-efficiency scores between regions and feeding strategies were 

tested for using the non-parametric Kruskal-Wallis test (see Conover 1999), also known as 

‘non-parametric Kruskal-Wallis one-way ANOVA by ranks’ (Sheskin 1997). The Kruskal-

Wallis test is employed with ordinal (rank-order) data in hypothesis testing involving a design 

with two or more independent samples (Sheskin 1997). That is, dairy farms were ranked in 

terms of their eco-efficiency scores and differences between groups were tested based on each 

group’s average rank. The null hypothesis is that all of the populations are identical against 

the alternative that at least one of the populations tends to yield larger observations than at 

least one of the other observations (Conover 1999). When at least three groups are compared 

the Kruskal-Wallis test cannot indicate which pairs of groups significantly differ (provided 

that significant differences occur). The post-Kruskal-Wallis non-parametric rank test known 

as Dunn’s test (see Sheskin 1997) was therefore employed to identify specific differences 

between the three feeding strategies. 

Choosing non-parametric tests over the parametric one-way ANOVA and its post-hoc tests 

was done for two reasons. First, the theoretical distribution of efficiency scores in DEA is 

generally unknown so a convention in the DEA literature is to use non-parametric tests 

(Bogetoft and Otto 2011; Brockett and Golany 1996; Cooper et al. 2007). Second, because 

RAM can be used to rank DMUs, it lends itself to the rankings that underlie non-parametric 
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rank statistics (Brockett et al. 2004). Both tests employed in this chapter operate based on the 

rank transformation approach; that is, the data are replaced by their ranks and then the usual 

parametric tests (e.g. t test, F test etc.) are applied on the ranks. (Tied observations [e.g. when 

at least two DMUs are eco-efficient] are given the average rank of the tied scores.) Therefore, 

these tests are not affected by outliers or skewed data. See Conover (1999). 

3.3.5. Examining the effect of region on eco-efficiency 

The bio-physical conditions under which dairy farms operate largely differ between West and 

Continental France. Regional differences in eco-efficiency were therefore tested. It would 

seem appropriate to pool farms from both regions in one dataset, run the RAM model and 

then test for differences between regions with the Kruskal-Wallis test. Such practice, 

however, would reveal any differences between regions under the observed levels of EIs and 

output (i.e. the EI and output values outlined in Table 3.2). This means that inefficiencies 

attributed to both managerial and regional factors would not allow inefficient farms to operate 

under their full potential. Indeed, the risk of amalgamating both sources of inefficiency 

(managerial and regional) is to grant inadvertently some bad managers (farmers) good eco-

efficiency scores when they are only benefitting from operating under particularly favourable 

bio-physical conditions (see Brockett and Golany 1996). Removing EI and output managerial 

inefficiencies (i.e. slacks) was therefore essential before comparing the two regions in terms 

of eco-efficiency. This was done by adopting the methodology of Brockett and Golany (1996) 

which involved the following four steps: 

1. Run two separate DEA exercises, one for CSS only and one for OSS only with model 2. 
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2. Using the optimal EI and output slacks obtained from the previous step make the 

necessary reductions in EIs and outputs so that inefficient DMUs in each group become 

efficient. This is done using the following formulas: 

�̂�𝑖𝑜 = 𝑥𝑖𝑜 − 𝑠𝑖𝑜
∗ , 𝑖 = 1, … , 𝑚        (4a) 

�̂�𝑟𝑜 = 𝑦𝑟𝑜 + 𝑠𝑟𝑜
∗ , 𝑟 = 1, … , 𝑠        (4b) 

where the asterisks (*) denote optimality. (For example, let us assume that Figure 3.2 

represents OSS farms. With formulas 4a-4b the OSS farm D would have been projected 

onto the OSS efficient frontier at point B.) Now managerial inefficiency has been 

eliminated within OSS and CSS and both are operating ‘up to the boundary of the 

capabilities which the evidence showed was possible for [OSS and CSS]’ (Cooper et al. 

2007, p.238). 

3. Pool all DMUs deriving from the previous step and run a new DEA exercise with model 

2. 

4. Test for significant differences between the systems’ efficiency scores using non-

parametric rank statistics, i.e. the Kruskal-Wallis test. 

Following the steps above it was possible to compare the two regions in terms of eco-

efficiency. It should be noted, however, that the DMUs were then evaluated not based on their 

actual levels of EIs and output, but on their efficient ones. Because this methodology corrects 

for any managerial inefficiencies present in DMUs, from this point it is referred to as the 

‘corrective’ methodology. 
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3.3.6. Putting all methods together 

Figure 3.3 summarizes the methodology employed in this chapter. Phase 1 did not apply the 

‘corrective’ methodology and involved two steps. In Step 1.1 the EIs and outputs for each 

farm were fed into RAM and the eco-efficiency scores were obtained. Note that in this step 

DMUs from both CSS and OSS were pooled before the RAM was run. Step 1.2a tested for 

differences in eco-efficiency scores between the two systems and between the three feeding 

strategies with non-parametric rank tests. Moreover, the EI and output slacks were compared 

between systems in Step 1.2b.Phase 2 applied the ‘corrective’ methodology and involved four 

steps. In Step 2.1 the RAM model was run for each system (CSS, OSS). In Step 2.2 the EIs 

and outputs of each farm in each system were projected onto their efficient levels with the 

formulae in 4a-4b. In Step 2.3 the RAM model was re-run for the whole sample (both CSS 

and OSS) using the projected data from Step 2.2. Step 2.4 tested for differences in the new 

eco-efficiency scores between the two systems and between the three feeding strategies with 

non-parametric rank tests. Unlike Phase 1, in Phase 2, systems and feeding strategies were 

exposed to the full eco-efficiency potential that the data showed to be possible for these 

groups. 

There are distinct differences between Phase 1 and 2. Although Phase 1 did not differentiate 

between regional and managerial factors, it helped to evaluate the 185 French specialized 

farms under their observed levels of EIs and outputs, as reported in Table 3.2. In other words, 

Phase 1 evaluated farms ‘as they actually performed’ and not ‘as they could be performing’, 

as in the ‘corrective’ methodology described in Phase 2. Phase 1 is therefore useful for 

efficiency comparisons between and within farms in terms of the whole population, without 

correcting for potential systematic differences between groups (defined by region in this 

case). Phase 2 is appropriate for testing the hypothesis that systematic unavoidable differences 
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between groups will affect efficiency performance. Phases 1 and 2 are therefore independent 

but complementary. See Brockett et al. (2004) who also conducted their analysis in two stages 

analogous to the two Phases employed here. 

  

Figure 3.3 Description of the modelling framework adopted in this chapter. DEA: Data Envelopment 
Analysis. LCA: Life Cycle Analysis. 

All calculations were run with the R language (R Core Team 2015). The R function for RAM 

was tailor-made and is available in Appendix II. The Kruskal-Wallis test is available in the 

standard version of R. Dunn’s test is available by the R package ‘dunn.test’ (https://cran.r-

project.org/web/packages/dunn.test/dunn.test.pdf). 

https://cran.r-project.org/web/packages/dunn.test/dunn.test.pdf
https://cran.r-project.org/web/packages/dunn.test/dunn.test.pdf
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3.4. RESULTS 

3.4.1. Eco-efficiency scores and slacks per system and feeding strategy when 
accounting for managerial inefficiencies 

The results for the eco-efficiency scores and slacks presented in this subsection were 

calculated before applying the ‘corrective’ methodology (Phase 1 in Figure 3.3). 

3.4.1.1. Eco-efficiency scores 

Statistics for the eco-efficiency scores and their mean ranks per system and feeding strategy 

are presented in Table 3.3. The mean, median and mean ranks of eco-efficiency scores were 

higher for OSS than CSS. However, the Kruskal-Wallis test did not identity significant 

differences between CSS and OSS in terms of the eco-efficiency scores’ mean ranks (P = 

0.105). The three feeding strategies ranked as follows in terms of mean, median and mean 

ranks of eco-efficiency scores: (<10% maize) > (10-30% maize) > (>30% maize). The 

Kruskal-Wallis test identified significant differences between the three feeding strategies in 

terms of the eco-efficiency scores’ mean ranks (P = 0.001). Specific differences were 

identified with Dunn’s test. Differences were significant between DMUs with <10% maize 

and >30% maize in the total forage area (P < 0.001) and between DMUs with 10-30% maize 

and >30% maize (P = 0.011). No differences were found between DMUs with >10% maize 

and 10-30% maize in the total forage area (P = 0.083).
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Table 3.3 Statistics for eco-efficiency scores per system and feeding strategy before removal 
of managerial inefficiencies. 

 Eco-efficiency scores 

System Min Max Median Mean SD Mean rank 

CSS
1 

0.840 1.000 0.934 0.938 0.047 83.814 

OSS
2 

0.762 1.000 0.950 0.949 0.050 97.302 

Feeding strategy 

      <10% maize
3 

0.841 1.000 0.966 0.964 0.038 113.795
a 

10-30% maize
3 

0.840 1.000 0.954 0.950 0.045 98.596
a 

>30% maize
3 

0.762 1.000 0.930 0.932 0.053 78.310
b 

1
CSS: Continental Specialized Systems; 

2
OSS: Oceanic Specialized Systems; 

3
Maize area as % of 

total forage area on farm; 
a,b

 Values within a column with different superscripts differ significantly at 

P<0.05. 

3.4.1.2. EI and output slacks 

Table 3.4 summarizes the optimal EI and output slacks from model 2 per system, 

expressed as proportions of their respective ranges (i.e. 𝑠𝑖𝑜
∗ 𝑅𝑖⁄   [𝑖 = 1, … , 𝑚] and 

𝑠𝑟𝑜
∗ 𝑅𝑟⁄  [𝑟 = 1, … , 𝑠]). That way, it was possible to ‘decompose’ the eco-efficiency 

scores in Table 3.3 in order to detect the EIs and outputs with the highest relative 

contribution to a DMU’s inefficiency. (Averaging each system’s input and output 

inefficiencies in Table 3.4 and then subtracting them from 1 equals the mean 

efficiency scores presented in Table 3.3.) The EIs with the highest contribution to 

CSS systems’ inefficiency were eutrophication potential, land use and acidification 

potential. By contrast, eutrophication potential was the EI with the by-far-largest 

contribution to OSS systems’ inefficiency. In terms of output inefficiency, meat and 
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milk were by far the largest contributors to the inefficiency of both OSS and CSS. 

Notably, for both OSS and CSS the mean input inefficiencies were much higher than 

the mean output inefficiencies. 

Table 3.4 Mean slack values per system expressed as a proportion of their corresponding 
ranges. 

 CSS
1 

OSS
2 

Environmental impacts   

Non-renewable energy 0.066 0.060 

Land use 0.100 0.041 

Eutrophication 0.107 0.141 

Acidification 0.090 0.053 

GWP
3 

0.060 0.069 

Mean 0.085 0.073 

Outputs 

  Crops 0.003 0.007 

Milk
 

0.033 0.019 

Meat 0.040 0.022 

Mean 0.025 0.016 

1
OSS: Oceanic Specialized Systems; 

2
CSS: Continental Specialized Systems; 

3
GWP: global warming 

potential. 

3.4.2. Eco-efficiency scores per system and feeding strategy after 
eliminating managerial inefficiencies 

The eco-efficiency results per system and feeding strategy presented in this section 

were obtained after eliminating all managerial inefficiencies (i.e. slacks) from the 59 
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CSS farms and 126 OSS farms, based on the ‘corrective’ methodology (Phase 2 in 

Figure 3.3). Statistics for the eco-efficiency scores and their mean ranks per system 

and feeding strategy are presented in Table 3.5. The mean and mean ranks of eco-

efficiency scores were higher for OSS than CSS and the medians of both systems 

equalled 1. The Kruskal-Wallis test identified significant differences between the 

eco-efficiency scores’ mean ranks of the two systems (P < 0.001). The three feeding 

strategies had almost-equal mean and equal median eco-efficiency scores. The 

Kruskal-Wallis test did not identify significant differences between feeding strategies 

in terms of mean ranks of the eco-efficiency scores (P = 0.767). 

Table 3.5 Statistics for eco-efficiency scores per system and feeding strategy after removal 
of managerial inefficiencies. 

 Eco-efficiency scores 

System Min Max Median Mean SD Mean rank 

CSS
1 

0.908 1.000 0.995 0.985 0.022 67.059
a 

OSS
2 

0.890 1.000 1.000 0.994 0.018 105.147
b 

Feeding strategy 

      <10% maize
3 

0.934 1.000 1.000 0.991 0.017 88.614
 

10-30% maize
3 

0.928 1.000 1.000 0.993 0.016 94.991 

>30% maize
3 

0.890 1.000 1.000 0.991 0.024 93.946 

1
CSS: Continental Specialized Systems; 

2
OSS: Oceanic Specialized Systems; 

3
Maize area as % of 

total forage area on farm; 
a,b

 Values within a column with different superscripts differ significantly at 

P<0.05. 
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3.5. DISCUSSION 

This chapter is aimed at researchers, advisors and policy makers searching for tools 

that can address the challenges of increasing farm output and reducing EIs, especially 

given the recent trend towards sustainable intensification of agriculture (see 

Foresight, 2011). My framework contributes to the stream of literature employing 

methodologies able to capture several aspects in order to ensure that development is 

in fact ‘sustainable’. Dairy farming was used as an exemplar to demonstrate the 

framework, which is expandable to other agricultural settings. 

3.5.1. Not ‘just LCA’ but ‘DEA and LCA' 

According to recent guidelines by the Livestock Environmental Assessment and 

Performance Partnership (LEAP 2015, p.6), ‘[i]n order to prevent shift of burden 

from [one] environmental issue to another, no environmental improvement  option 

should be recommended without having [...] assessed [...] the effects on resource use 

and those other environmental impacts targeted as relevant for livestock supply 

chains [...]’. In other words, the LEAP guidelines themselves implicitly acknowledge 

the issue of substitution possibilities between LCA eco-efficiency ratios, mentioned 

in the introduction to this chapter. The implications of this issue can be demonstrated 

by looking at the results of LCA eco-efficiency studies comparing dairy farms with 

different proportions of land devoted to maize silage (e.g. Basset-Mens et al. 2009b; 

Rotz et al. 2010). According to these studies, because grassland requires less 

fertilization than arable land, lower impacts from eutrophication, acidification, 

greenhouse gas emissions and non-renewable energy use have been observed on 
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grass-based farms. However, arable crops such as maize silage have higher yields per 

hectare. It is therefore impossible to conclude that a particular feeding strategy has a 

higher eco-efficiency potential than another one, unless all feeding strategies are 

evaluated at the aggregate level, as was done in this chapter. Indeed, feeding the 

LCA variables into the RAM model showed that the eco-efficiency of farms with 

>30% maize was lower, favouring more grass-based systems. 

3.5.2. Regional differences 

Higher eco-efficiency scores were expected for OSS systems over CSS because the 

bio-physical conditions in West France are more favourable. Specifically, the climate 

conditions in West France favour the production of high quality forages which are 

essential for dairy production. These differences in climate conditions between West 

and Continental France were implicitly examined in this chapter by removing 

managerial inefficiencies from CSS and OSS with the ‘corrective’ methodology. 

Indeed, Jan et al. (2012) emphasized that DEA results should be interpreted with care 

as inefficiencies may be attributed to factors that are beyond managerial control. 

Hence, removing managerial factors with the ‘corrective’ methodology revealed each 

system’s true eco-efficiency potential that the projected data showed to be possible, 

solely as a result of the different bio-physical conditions between West and 

Continental France. OSS systems then ranked significantly higher, on average, than 

CSS in terms of eco-efficiency scores (Table 3.5). 
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3.5.3. Identifying specific sources of eco-‘inefficiency’ 

Examining the slacks (Table 3.4) can help prioritize the reduction (increase) of those 

EIs (outputs) most responsible for the eco-inefficiency of CSS and OSS. For 

example, CSS systems had a quite large acidification slack. In fact, in CSS systems 

cows are generally offered more protein concentrates, potentially to avoid any 

protein shortages, which tends to increase ammonia emissions (Faverdin et al. 2014). 

It is noteworthy that CSS also had a large land use slack (Table 3.4). These systems 

devoted a larger part of on-farm land to crop production at the expense of lower milk 

and meat production than OSS (compare mean crops-milk and crops-meat ratios per 

system, which can be easily derived from Table 3.2). This, in turn, explains the lower 

crops slack, and higher milk and meat slacks, of CSS in comparison with OSS (Table 

3.4). Finally, note that for both systems the largest slack was eutrophication, as 

opposed to the relatively low global warming potential slacks. This agrees with the 

findings of Bava et al. (2014) that livestock systems are often responsible for 

important local EIs. 

3.5.4. Methodological aspects 

3.5.4.1. Eco-efficiency as a relative measure to improve sustainability 

It can be argued that improving eco-efficiency does not guarantee sustainability. 

Because eco-efficiency is a relative measure, improvements can be achieved if either 

EIs are reduced or outputs are increased. Furthermore, the absolute environmental 

pressure can still exceed the ecosystem’s carrying capacity (Kuosmanen and 

Kortelainen 2005). For example, there is a high concentration of dairy farms in West 

France and the main production regions are located near environmentally sensitive 
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areas (Chatellier and Pflimlin 2006). Thus, although OSS systems had higher eco-

efficiency, this does not necessarily mean that they operated within the local 

ecosystem’s carrying capacity. 

Nevertheless, eco-efficiency is often cost-effective so it makes economic sense to 

exploit it to the utmost (Kuosmanen and Kortelainen 2005). In this chapter the RAM 

model helped identify such options through the relative EI and output slacks (Table 

3.4). Prioritizing those EIs and outputs with the largest relative slacks can result in 

notable eco-efficiency improvements. This is advantageous because policies targeted 

at eco-efficiency improvements tend to be easier to adopt, and politically easier to 

implement, than policies restricting the level of economic activity (Kuosmanen and 

Kortelainen 2005). 

3.5.4.2. Comparing RAM with alternative methods 

This chapter considered RAM’s ranking property as one of its main advantages. 

Besides RAM, there are several promising methods to rank DMUs. See the reviews 

by Adler et al. (2002) and Markovits-Somogyi (2011) regarding the methods 

mentioned hereafter. Other ranking methods missing from both reviews exist, such as 

the ‘global efficiencies’ (GLE) approach by Despotis (2002) which, like RAM, uses 

a common weighting scheme across all DMUs. These ranking methods can be 

roughly classified as having at least one of the following characteristics: (i) they 

require modifications to the original DEA model (e.g. when imposing weights 

restrictions); (ii) they involve supplementary analyses with tools such as multivariate 

statistics (e.g. canonical correlation analysis for ranking) or multiple-criteria decision 

making (e.g. GLE), which translates to additional computational time and/or coding 
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effort; (iii) the original DEA model cannot be easily solved (e.g. fuzzy DEA); and 

(iv) there is no correspondence between the DMUs’ efficiency scores and their ranks 

(e.g. GLE). While some of these issues can be dealt with fairly easily (e.g. the 

weights restrictions), to the best or my knowledge, RAM is the only simple, readily 

available linear DEA model with a ranking property that does not involve (i-iv). Note 

that RAM can only rank inefficient DMUs. In fact, ranking efficient DMUs was not 

desirable here because rankings can differ between methods (see Adler et al. 2002), 

possibly affecting the results of the non-parametric rank statistics. 

Additive models (such as RAM) are not the only DEA models able to simultaneously 

minimise EIs (and/or inputs) and maximise output. Another example is the 

directional distance function (DDF) whereby the minimization of EIs and inputs, and 

maximization of outputs, is made via a ‘direction vector’ that reflects different 

stakeholder preferences. For example, the direction vector may be set to minimize 

EIs for the given outputs, maximize outputs for the given EIs or do both 

simultaneously. Several other choices are also possible (see Beltrán-Esteve et al. 

2014; Berre et al. 2014). For instance, Berre et al. (2014) argued that a sustainable 

intensification scenario would seek to reduce pollution and increase outputs with a 

possible increase in inputs. The RAM model can also allow for input increases 

because it can handle negative values (see Cooper et al. 1999): simply assign a 

negative sign to the inputs to be increased. 

DDFs are advantageous over RAM when the objective is not only to calculate the 

input and output adjustments necessary for a DMU to operate efficiently, but also to 

determine how ‘far’ these adjustments are from an input-output combination 

maximizing profits (provided that input and output prices are known) for this 
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particular DMU (Färe and Grosskopf 2000). This ‘allocation’ problem cannot be 

modelled with RAM. Nonetheless, RAM is appropriate when it is desirable to 

decompose efficiency scores into variable-specific scores through the slacks (as was 

done here) because, unlike DDFs, RAM does not assume proportional adjustments in 

inputs and outputs (some recently developed DDFs that relax this assumption have in 

fact an additive structure; see Chen et al. 2015). Note that there are several 

normalization options for the slacks (other than by division by the variables’ ranges 

as was done here) that create opportunities for further analyses (Cooper et al. 1999 

discuss a range of choices). For example, when input prices are known, input slacks 

can be ‘priced’ to determine the proportion of each input’s cost to the total cost (see 

Chapter 2). 

Finally, I draw attention to the alternative definitions of ‘data-driven’ weights in 

models 1 and 2. In model 1 the weights are calculated by the model itself. This may 

result in large weights for EIs of secondary importance, leaving a negligible or zero 

weight for more important EIs (Kuosmanen and Kortelainen 2005). This can be fixed 

by restricting a priori the weights’ values to admissible ranges (see Kuosmanen and 

Kortelainen 2005). By contrast, with RAM (model 2) the weights are not calculated 

but given, because the model uses the variable’s ranges as weights, which are always 

non-zero. Therefore, reliance on subjective weights restrictions as in model 1 is not 

necessary with RAM. 

3.5.4.3.  Choice of DEA variables 

Choice of input and output variables used is a key aspect of DEA methodology. Past 

studies on dairy farm eco-efficiency with DEA often use one aggregate output 
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indicator to avoid having too many DMUs on the efficient frontier. For example, 

Pérez Urdiales et al. (2015) defined output as economic value added [(milk sales + 

value of on-farm consumption of milk) – direct costs]. On the other hand, Jan et al. 

(2012) argued that economic value added might bias the results as an increase in the 

market price of a given commodity would lead to higher eco-efficiency. Instead, they 

aggregated all farm outputs into a single output of digestible energy content. 

However, with this method it is assumed that any form of energy in human diets can 

be substituted by any other, provided that energy requirements are met. Also, milk, 

meat and crops have different nutritional values in addition to energy content. 

Therefore, in this chapter it was deemed more appropriate to keep milk, meat and 

crops as three separate outputs. 

Furthermore, in this chapter the eco-efficiency measure did not include operational 

inputs (e.g. labour, capital, on-farm electricity use) and ‘undesirable’ outputs (e.g. kg 

CO2-equivalents, wastewater) because the idea was to aggregate altogether the two 

elements used in LCA ratios: EIs and outputs. In other words, I was concerned with 

the EIs rather than the amount of operational inputs and undesirable outputs of 

DMUs (see Jan et al. 2012, p.715). Also, given that eco-efficiency represents a 

societal rather than managerial perspective, Kuosmanen and Kortelainen (2005) 

argue that although inputs such as labour and capital are expenditures for the owners 

of the firm, they represent income (wages and rents) for the society. Therefore, such 

inputs are irrelevant to the context of this chapter. Nevertheless, an alternative way of 

conducting eco-efficiency analysis by also involving operational inputs and 

undesirable outputs is with the ‘LCA+DEA method’ (see Vázquez-Rowe and 

Iribarren 2015). With LCA+DEA, ‘target’ LCA impacts are obtained by adjusting 
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the operational inputs to their optimal values via DEA and re-performing the LCA 

exercise. Therefore, in LCA+DEA the DEA exercise is an intermediate step that 

helps determine the DMUs’ benchmarks and thus the target EIs. Alternatively, target 

EIs can be obtained directly from RAM’s optimal slacks. This reduces potential 

dimensionality issues because the set of DEA variables will generally be smaller than 

that with LCA+DEA (Jan et al. 2012, p.715). 

3.6. CONCLUSION 

Combining LCA with RAM, the ‘corrective’ methodology and non-parametric rank 

tests can significantly improve (dairy) farm eco-efficiency assessments compared to 

previous studies using partial ratios or coupling LCA with DEA. The modelling 

framework was demonstrated with LCA data for French specialized dairy farms. 

Results showed that OSS systems ranked higher, on average, than CSS systems in 

terms of eco-efficiency. Also, the average eco-efficiency rank of farms with lower 

proportions of maize silage in the total forage area was higher, on average, than 

farms with higher proportions of maize. These results can help identify the eco-

efficiency potential of each region and feeding strategy and could therefore aid 

advisors and policy makers at farm or region/sector level. This demonstration also 

highlights the capacity of the proposed multiple-EI, multiple-output framework to 

measure and understand eco-efficiency, and to compare different groups, which 

makes it a promising multiple-criteria tool towards the achievement of greater yet 

sustainable agricultural production. 
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4. CHAPTER FOUR. The relationship of dairy 

farm eco-efficiency with intensification and 

self-sufficiency 

Submitted to PLOS ONE. See Declaration page. 

4.1. CHAPTER FOUR ABSTRACT 

‘Sustainable intensification’ of agriculture implies improving efficiency, increasing 

inputs and/or outputs per land area and minimizing environmental impacts. Dairy 

farm intensification can be achieved at both animal and farm levels but whether or 

not it is environmentally ‘sustainable’ is an ongoing debate. Both practices fail to 

account for environmental impacts associated with the production of external inputs, 

which also relates to a farm’s self-sufficiency level, i.e. its capacity to produce goods 

from its own resources, with higher control over nutrient recycling and thus 

minimization of losses to the environment. This chapter explores the relationship of a 

‘global’ (on and off-farm impacts) eco-efficiency indicator with on-farm practices 

promoting (animal and farm-level) intensification and self-sufficiency of French 

specialized dairy farms. The relationships were expressed using Partial Least Squares 

Structural Equation Modelling to build, and relate, latent variables of eco-efficiency, 

intensification and self-sufficiency. The latent variables for intensification and self-

sufficiency were determined by proxy indicators obtained from a Life Cycle Analysis 
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(LCA) exercise. The latent variable for eco-efficiency was represented by an 

aggregate eco-efficiency score per farm derived from a Data Envelopment Analysis 

model by again using LCA data. The dataset was split into two spatially 

heterogeneous (bio-physical conditions, production patterns) regions. For both 

regions, results identified a significant negative relationship between eco-efficiency 

and practices increasing milk yield/cow and the use of maize silage and imported 

concentrates. However, these results might not necessarily hold for intensive farms 

with better ability to recycle elements on-farm. This requires further investigation 

with latent variables for intensification and self-sufficiency that do not largely 

overlap- a modelling challenge that occurred here. It stresses though the importance 

of self-sufficiency as an agro-ecological concept towards the design of intensive yet 

sustainable dairy farming systems. In conclusion, the debate whether or not intensive 

dairy farming is ‘sustainable’ remains open, however increasing self-sufficiency 

could offer a way to improve eco-efficiency. 

4.2. INTRODUCTION 

In Chapter 1 I discuss that European dairy farms are generally adopting more 

intensive production strategies. Meanwhile, policies are placing more focus on 

sustainable dairy farming and hence ‘sustainable intensification’ has emerged as a 

potential way to increase production with the least impacts. Dairy farm 

intensification can be achieved at both animal and farm levels (increasing milk 

yield/cow and/or per ha on-farm land) but whether or not it is environmentally 

‘sustainable’ is an ongoing debate (Basset-Mens et al. 2009b; Bava et al. 2014; 
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Guerci et al. 2013). Both practices fail to account for land, energy and environmental 

impacts associated with the production of external inputs (e.g. concentrates and 

fertilizer). Accounting for these factors offers a whole-system perspective (Basset-

Mens et al. 2009b). Moreover, it reflects a farm’s self-sufficiency level, i.e. its 

capacity to produce goods from its own resources (Lebacq et al. 2015), with higher 

control over nutrient recycling and thus minimization of losses to the environment 

(Dumont et al. 2013). This chapter aims at associating a whole-system indicator of 

environmental performance with farm-level management practices reflecting animal 

and farm-level intensification, and farm self-sufficiency. 

The current chapter extends the dairy farm eco-efficiency findings in Chapter 3 

which showed that the less the proportion of maize silage in the total forage area, the 

higher the eco-efficiency. Chapter 3 also shows that eco-efficiency performance can 

be region-dependent. In fact, spatial heterogeneity between dairy farms is rarely 

accounted for in LCA studies (e.g. Matlock et al. 2013). 

Increasing maize silage in dairy farms generally implies higher animal and farm-

level farming intensity (e.g. higher feed efficiency and stocking rates) and lower 

farm self-sufficiency (higher supplementation with protein-rich feeds, usually 

imported soybean meal; Basset-Mens et al. 2009b; Bava et al. 2014; Lehuger et al. 

2009; Nguyen et al. 2013). The findings of Chapter 3 suggest a possible relationship 

between dairy farm eco-efficiency, intensification and self-sufficiency, which could 

differ between regions. A more holistic analysis of this relationship should involve 

more indicators representing these three aspects.  
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Relating several indicators of dairy farm self-sufficiency and intensification to eco-

efficiency, while accounting for spatial heterogeneity, requires multivariate statistical 

tools. In subsection 1.1.5 and section 1.3 I argue that widely used multivariate tools 

are unable to distinguish between indicators according to whether they represent self-

sufficiency, intensification or eco-efficiency and recommend Structural Equation 

Modelling (SEM) as a class of multivariate methods overcoming this deficiency. 

Though SEM has been very popular in virtually all social science disciplines (Hair et 

al. 2014), its potential remains largely unexplored in dairy research, with only six 

studies identified in the literature (de los Campos et al. 2006; Detilleux et al. 2012; 

Gyau et al. 2011; Hansson and Ferguson 2011; Ondersteijn et al. 2003; Richards and 

Jeffrey 2000). Similarly, studies explicitly coupling farm efficiency indicators with 

SEM are only a few (Kalaitzandonakes et al. 1992; Kalaitzandonakes and Dunn 

1995; Richards and Jeffrey 2000; Tang and Folmer 2015). 

The objective of this chapter is to establish a relationship between dairy farm self-

sufficiency, and farm and animal-level intensification, with the global DEA eco-

efficiency indicator of Chapter 3 that accounted for impacts both on and off-farm. 

That way it was possible to determine whether or not on-farm management practices 

promoting self-sufficiency and/or increasing input/ha and output per unit input, 

especially per ha, could explain dairy farm environmental performance at a larger 

scale. Another contribution of this chapter is that it accounts for spatial heterogeneity 

between farms, which could result in different relationships between eco-efficiency, 

self-sufficiency and intensification in each region. The relationships were established 

by means of a SEM method known as Partial Least Squares SEM (PLS-SEM; 

Lohmöller 1989; Wold 1975). 
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4.3. METHODS 

4.3.1. Exploring the relationship of eco-efficiency with intensification and 
self-sufficiency using PLS-SEM 

PLS-SEM is a SEM approach, the latter being a general term for methods used to 

study the relationships among latent variables indicated by multiple manifest 

variables (Lei and Wu 2007). The setting of the PLS-SEM model built in the current 

chapter involved four latent variables: for eco-efficiency (ECO), animal-level 

intensification (INTENS-A), farm-level intensification (INTENS-F) and self-

sufficiency (SELF), see Table 4.1 and Figure 4.1. ECO was represented by one 

manifest variable, the DEA eco-efficiency measure of Chapter 3. INTENS-A was 

represented by three manifest variables, milk yield (in kg of raw milk) per cow/year 

or ‘milk/cow’; meat production (kg carcass weight produced) per livestock unit (LU) 

per year or ‘meat/LU’; and concentrate fed (t concentrate) per LU per year or 

‘concentrate/LU’. INTENS-F was represented by four manifest variables, kg mineral 

and organic nitrogen (N) per ha total on-farm area or ‘N/on-farm ha’; kg mineral and 

organic phosphorous (P) per ha total on-farm area or ‘P/on-farm ha’; stocking 

density (LU/ha main forage area); and the proportion of maize silage in the total 

forage area or ‘maize/forage ha’. SELF was represented by four manifest variables of 

self-sufficiency, economic (gross operating profit/turnover); energy (on-farm energy 

use/total energy use); feed (feedstuff produced on-farm/total use of feedstuff); and 

land (on-farm land use/total land use). See Table 4.1 and Figure 4.1. 
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Table 4.1 Statistics for intensification, self-sufficiency and eco-efficiency variables per 
system. 

 CSS (n = 59) OSS (n = 126) 

 Mean SD Median Mean SD Median 

INTENS-A       

Milk/cow (kg raw 

milk/cow/year) 

6986 1560 7016 7015 1196 7095 

Meat/LU (kg carcass weight 

produced/LU/year) 

166 48 162 172 50 174 

Concentrate/LU (t concentrate 

fed/LU/year) 

1.00 0.41 0.98 0.95 0.38 0.98 

INTENS-F       

N/on-farm ha (kg mineral and 

organic N/ha total on-farm area) 

149 57 141 164 48 165 

P/on-farm ha (kg mineral and 

organic P/ha total on-farm area) 

54 23 51 60 19 57 

Stocking density (LU/ha main 

forage area) 

1.42 0.54 1.26 1.49 0.34 1.45 

Maize/forage ha (% maize 

silage area in the total forage 

area) 

0.20 0.20 0.20 0.28 0.16 0.30 

SELF       

Economic (gross operating 

profit/turnover) 

0.41 0.07 0.40 0.40 0.08 0.40 

Energy (on-farm energy 

use/total energy use) 

0.60 0.17 0.57 0.63 0.15 0.59 

Feed (feedstuff produced on-

farm/total use of feedstuff);  

0.90 0.06 0.89 0.90 0.07 0.90 

Land (on-farm land use/total 

land use) 

0.88 0.08 0.91 0.89 0.07 0.91 

ECO       

DEA eco-efficiency 0.94 0.05 0.93 0.95 0.05 0.95 

CSS: continental specialized systems; OSS: oceanic specialized systems; LU: livestock unit; N: 

nitrogen; P: phosphorous; DEA: data envelopment analysis. The multiple measures building the latent 

constructs of animal and farm-level intensification (INTENS-F and INTENS-A) and self-sufficiency 

(SELF) were obtained from a comprehensive Life Cycle Analysis (LCA) exercise (Charroin et al. 
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2005) resulting from a partnership involving voluntary participation of farmers (‘Inosys Réseaux 

d’Elevage’), the Chambers of Agriculture (France) and the French Livestock Institute. The LCA 

exercise is desribed in Chapter 3. See same chapter and text above for more details on the DEA eco-

efficiency scores building the latent construct of eco-efficiency (ECO). 

 

Figure 4.1 Partial Least Squares Structural Equation Model for eco-efficiency, animal and 
farm-level intensification, and self-sufficiency. LU: livestock unit; N: nitrogen; P: 
phosphorous; DEA: data envelopment analysis; INTENS-A: animal-level intensification; 
INTENS-F: farm-level intensification; SELF: self-sufficiency; ECO: eco-efficiency. 

PLS-SEM was deemed the appropriate SEM method to examine the relationship of 

ECO with INTENS-A, INTENS-F and SELF for the following reason. The procedure 
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in PLS-SEM is an ordinary least squares regression-based estimation and thus is 

especially useful for developing theories in exploratory research, that is, to search for 

latent patterns in the data when there is no or only little prior knowledge on how the 

variables are related (as in this chapter). It does so by focusing on explaining the 

variance in the dependent variables (ECO) when examining the model. This is by 

contrast with other SEM methods such as covariance-based SEM, which follows a 

maximum likelihood procedure and is thus better-suited to confirming (or rejecting) 

theories. See (Hair et al. 2014; Sarstedt et al. 2014). 

PLS-SEM comprises of two models (see Sanchez 2013), the structural model and the 

measurement model (Figure 4.1). The structural model assumes a linear relationship 

between latent variables (also called constructs) and uses linear regression to 

estimate the path coefficients, representing the strength and direction of the 

relationships between the response latent variable, or target construct (ECO), and the 

predictor latent variables, or predictor constructs (INTENS-A, INTENS-F and SELF). 

In Figure 4.1 this relationship is represented by single-headed arrows from the 

predictor latent variables towards the response latent variable. In a similar manner, 

the measurement model uses linear regression to estimate the loadings, i.e. the 

correlations between a latent variable and its manifest variables. In Figure 4.1 this 

relationship is represented by single-headed arrows from the latent variables towards 

their manifest variables. The arrows’ directions imply that the constructs (INTENS-A, 

INTENS-F, SELF, ECO) cause the measurement (more precisely, the covariation) of 

their corresponding manifest variables (Hair et al. 2014). 
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All calculations were performed in the R language (R Core Team 2015). The PLS-

SEM exercise and evaluation were performed with the R package ‘plspm’ (Sanchez 

2013) and, where necessary, my own R functions. 

4.4. RESULTS 

This section summarizes the PLS-SEM results for CSS and OSS. The PLS-SEM 

models for both CSS and OSS complied with the minimum sample size requirements 

(see Hair et al. 2014, p.20-22). Before running the exercise, the raw data were 

standardized (mean = 0, variance = 1) because doing so allowed the PLS-SEM model 

to calculate standardized coefficients between -1 and +1 for every relationship in the 

measurement and structural models (Hair et al. 2014). 

Because PLS-SEM does not have a single goodness-of-fit criterion, the measurement 

and structural models had to be evaluated independently and step-by-step using 

several assessment criteria and guidelines outlined in Hair et al. (2012, 2014), 

Henseler et al. (2015a), Sanchez (2013) and Sarstedt et al. (2014). Given the 

multitude of criteria and guidelines, it is standard practice in many PLS-SEM studies 

(e.g. Gyau et al. 2011; Ringle et al. 2011; Rodriguez-Entrena et al. 2013) to briefly 

describe criteria, guidelines and their results altogether, and step-by-step. The same 

practice was adopted here. It should be noted that many of the criteria do not apply 

for single-item and/or endogenous constructs such as ECO, unless explicitly stated 

below. 

The results are presented in four phases. Phase 1 is the measurement model 

evaluation for CSS and OSS. Phase 2 describes an issue related with the 
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measurement model in Phase 1 and proposes alternative PLS-SEM models for CSS 

and OSS. Phase 3 is the measurement model evaluation of the new models. Phase 4 

is the structural model evaluation of the new models. 

4.4.1. Phase 1: step-by-step evaluation of the measurement models for 
CSS and OSS 

The measurement models were first evaluated for indicator reliability, which requires 

that the constructs should explain over 50% of their manifest variables’ variance 

(Hair et al. 2014). Thus, manifest variables with loadings less than 0.70 should be 

removed because their construct explains less than 0.70
2
 = 0.49 ≈ 50% of their 

variance. The manifest variables meat/LU, P/on-farm ha, stocking density and 

economic and land self-sufficiency had loadings less than 0.70 for CSS. For OSS, 

variables with loadings less than 0.70 were meat/LU, N/on-farm ha, P/on-farm ha, 

stocking density and economic self-sufficiency. 

Two things should be noted here. First, leaving the PLS-SEM model for OSS with 

just one manifest variable (maize/forage ha) representing INTENS-F is at odds with 

conventional measurement theory, according to which constructs should be typically 

represented by several (reflective) manifest variables (see Diamantopoulos et al. 

2012, p.436). (This was not the case with ECO as its single manifest variable was a 

comprehensive measure of multiple LCA impacts and outputs. Hence, representing 

ECO by several manifest variables was unnecessary.) For that reason, N/on-farm ha, 

which had a loading of 0.51, was not deleted from the OSS model. Keeping manifest 

variables with loadings less than 0.70- but at least 0.50- is usual when situations like 

the present one require it (see Hulland 1999, p.198). Second, the results indicated 
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that land self-sufficiency should be retained for OSS but deleted for CSS. Retaining 

it in OSS would render impossible any comparisons between the PLS-SEM models 

for CSS and OSS as the manifest variables must be identical among models 

(Henseler et al. 2015b). Therefore, it was removed from both models. 

The final set of variables of the three exogenous constructs was, for both CSS and 

OSS, milk/cow, concentrate/LU, N/ on-farm ha, maize/forage ha and energy and feed 

self-sufficiency. The two models were then evaluated for internal consistency 

reliability, that is, manifest variables in the same construct should be highly 

correlated since they measure the same construct (Hair et al. 2014). The criteria for 

internal consistency reliability used (Tenenhaus et al. 2005) were Cronbach’s alpha 

and Dillon-Goldstein’s rho, which should be at least 0.70, and the eigenvalues of the 

correlation matrix, where the first and second eigenvalues should be greater than and 

smaller than 1 respectively. Both models complied with these criteria, except for 

OSS with Cronbach’s alpha equal to 0.65. This value was close to 0.70 and was 

considered acceptable, given the aforementioned issue with N/on-farm ha but also 

that the criteria for Dillon-Goldstein’s rho and the eigenvalues were fulfilled. 

The next step was to evaluate the two models in terms of convergent validity, that is, 

the extent to which a construct converges in its manifest variables by explaining the 

items’ variance (Sarstedt et al. 2014). Convergent validity is assessed by the average 

variance extracted, which equals the mean of the squared loadings for all manifest 

variables in a construct (Sarstedt et al. 2014). An average variance extracted value of 

0.50 or higher is acceptable as it indicates that on average, a construct explains over 

50% of the variance of its manifest variables (Sarstedt et al. 2014). Convergent 

validity was achieved in both models. 



96 

 

The final step was to evaluate the two models’ discriminant validity, that is, the 

extent to which a construct is truly distinct from other constructs in terms of how 

much it correlates with them, as well as how much manifest variables represent only 

a single construct (Hair et al. 2014). Discriminant validity was not achieved for either 

model, because they failed to comply with the HTMT criterion (Henseler et al. 

2015a). The HTMT criterion is an estimate of the correlations between two 

constructs so an absolute value over 0.85 can be interpreted as a violation of 

discriminant validity (Henseler et al. 2015a; Voorhees et al. 2015). All pairwise 

HTMT correlations between INTENS-A, INTENS-F and SELF had absolute values 

over 0.85, with their bias-corrected confidence intervals (95%, 5000 samples with 

replacement of farms within regions; see Hair et al. 2014) containing 1. The only 

exception was the correlation between INTENS-A and INTENS-F for OSS, with a 

HTMT value of 0.72 and a bias-corrected confidence interval of (0.55, 0.88). HTMT 

signs were positive for correlations between INTENS-A and INTENS-F and negative 

between INTENS-A and SELF and between INTENS-F and SELF. 

The HTMT results provided strong evidence that INTENS-A, INTENS-F and SELF 

were not truly distinct from each other in either model. This required a complete 

reconsideration of the PLS-SEM model displayed in Figure 4.1. 

4.4.2. Phase 2: re-considering the PLS-SEM model 

The HTMT results suggested that the three exogenous latent variables INTENS-A, 

INTENS-F and SELF measured ‘the same thing’. In fact, the negative HTMT 

correlations of SELF with INTENS-A and INTENS-F suggested that SELF could be 

better suited as a measure of intensification; that is, the lower the self-sufficiency 
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levels the higher the intensification levels. Therefore, the PLS-SEM model displayed 

in Figure 4.1 was replaced by the PLS-SEM model in Figure 4.2, where the manifest 

variables for SELF were inverse-coded to reflect intensification, because that way the 

higher the self-‘insufficiency’ levels the higher the intensification levels. (Inverse-

coding is standard practice in PLS-SEM when facing similar issues. It is done by 

multiplying the manifest variables of interest by -1, see Hair et al. 2014; Sanchez 

2013.) The new exogenous latent variable, comprising of INTENS-A, INTENS-F and 

inverse-coded SELF is denoted as INTENS-ALL. It should be made clear though that 

by no means can this result be generalized to suggest that more intensive farms are 

less self-sufficient. This result was rather specific to the available dataset and is 

further discussed in the Discussion section. Therefore, a second PLS-SEM model 

was considered, where the manifest variables for SELF were completely removed 

(Figure 4.3). In this case, the new exogenous latent variable, comprising of INTENS-

A and INTENS-F is denoted as INTENS-AF. The two new PLS-SEM models were 

named accordingly, that is, PLS-SEM-ALL (Figure 4.2) and PLS-SEM-AF (Figure 

4.3). 
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Figure 4.2 Partial Least Squares Structural Equation Model for eco-efficiency and 
intensification (including inverse-coded self-sufficiency variables). LU: livestock unit; IC: 
inverse-coded; DEA: data envelopment analysis; INTENS-ALL: animal and farm-level 
intensification, as well as inverse-coded self-sufficiency; ECO: eco-efficiency. 

 

Figure 4.3 Partial Least Squares Structural Equation Model for eco-efficiency and 
intensification (self-sufficiency variables removed). LU: livestock unit; DEA: data 
envelopment analysis; INTENS-AF: animal and farm-level intensification; ECO: eco-
efficiency. 
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PLS-SEM-ALL and PLS-SEM-AF were run for CSS and OSS. The results for the 

new measurement models for CSS and OSS are reported in Phase 3 below. 

4.4.3. Phase 3: step-by-step evaluation of the new measurement models for 
CSS and OSS 

The final set of manifest variables kept in PLS-SEM-ALL for both CSS and OSS 

was milk/cow, concentrate/LU, maize/forage ha, and energy and feed self-

‘insufficiency’. For PLS-SEM-AF, the final set of manifest variables was milk/cow, 

concentrate/LU and maize/forage ha for both CSS and OSS. Skewness and kurtosis 

values for all aforementioned variables, as well as for DEA eco-efficiency, were 

between -1 and +1 and thus complied with the requirement that with PLS-SEM data 

can only slightly depart from normality (this minimizes the chances of obtaining 

unreliable results, see Hair et al. 2014).  The only exception was milk/cow for CSS 

with kurtosis of -1.29, which was not ‘too far’ from -1 and was not considered a 

problem (Goodhue et al. 2012; Hair et al. 2014). 

The final measurement models complied with all criteria for indicator reliability, 

internal consistency reliability and convergent validity (Tables 4.2-4.5). 

Bootstrapped confidence intervals (95%, 5000 samples with replacement of farms 

within regions; see Hair et al. 2014) showed that all the relationships between the 

manifest variables and their construct were significant (Tables 4.2-4.5).
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Table 4.2 Indicator reliability, internal consistency reliability and convergent validity of the measurement model for PLS-SEM-ALL for Continental 
Specialized Systems (CSS). 

Constructs Manifest variables Indicator reliability Internal consistency reliability Convergent validity 

  Loadings (95% CI) Communalities Cronbach’s 

alpha 

Dillon-

Goldstein’s 

rho 

Correlation matrix AVE 

      1st 

eigenvalue 

2nd 

eigenvalue 

 

INTENS-ALL Milk/cow 0.88 (0.73, 0.93) 0.78 0.93 0.94 3.86 0.41 0.77 

Concentrate/LU 0.86 (0.78, 0.92) 0.74 

Maize/forage ha 0.83 (0.66, 0.90) 0.70 

Energy-IC 0.87 (0.78, 0.93) 0.76 

Feed-IC 0.93 (0.84, 0.97) 0.87 

ECO DEA eco-efficiency N/A N/A N/A N/A N/A N/A N/A 

INTENS-ALL: animal and farm-level intensification, and inverse-coded self-sufficiency indicators; ECO: eco-efficiency; IC: inverse-coded; CI: confidence interval; 

AVE: average variance extracted; LU: livestock unit; DEA: data envelopment analysis; N/A: not applicable. Rules of thumb: loadings, Cronbach’s alpha and 

Dillon-Goldstein’s rho should be at least 0.70. Communalities (squared loadings) and AVE should be at least 0.50. First and second eigenvalues should be above 

and below 1 respectively. Note: ECO is a single-item construct so assessment criteria above do not apply.
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Table 4.3 Indicator reliability, internal consistency reliability and convergent validity of the measurement model for PLS-SEM-ALL for Oceanic 
Specialized Systems (OSS). 

Constructs Manifest variables Indicator reliability Internal consistency reliability Convergent validity 

  Loadings (95% CI) Communalities Cronbach’s 

alpha 

Dillon-

Goldstein’s 

rho 

Correlation matrix AVE 

      1st 

eigenvalue 

2nd 

eigenvalue 

 

INTENS-ALL Milk/cow 0.85 (0.80, 0.89) 0.72 0.91 0.93 3.63 0.53 0.72 

Concentrate/LU 0.87 (0.82, 0.91) 0.76 

Maize/forage ha 0.76 (0.67, 0.83) 0.58 

Energy-IC 0.87 (0.82, 0.91) 0.76 

Feed-IC 0.90 (0.87, 0.92) 0.81 

ECO DEA eco-efficiency N/A N/A N/A N/A N/A N/A N/A 

INTENS-ALL: animal and farm-level intensification, and inverse-coded self-sufficiency indicators; ECO: eco-efficiency; IC: inverse-coded; CI: confidence interval; 

AVE: average variance extracted; LU: livestock unit; DEA: data envelopment analysis; N/A: not applicable. Rules of thumb: loadings, Cronbach’s alpha and 

Dillon-Goldstein’s rho should be at least 0.70. Communalities (squared loadings) and AVE should be at least 0.50. First and second eigenvalues should be above 

and below 1 respectively. Note: ECO is a single-item construct so assessment criteria above do not apply. 
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Table 4.4 Indicator reliability, internal consistency reliability and convergent validity of the measurement model for PLS-SEM-AF for Continental 
Specialized Systems (CSS). 

Constructs Manifest variables Indicator reliability Internal consistency reliability Convergent validity 

  Loadings (95% CI) Communalities Cronbach’s 

alpha 

Dillon-

Goldstein’s 

rho 

Correlation matrix AVE 

      1st 

eigenvalue 

2nd 

eigenvalue 

 

INTENS-AF Milk/cow 0.89 (0.59, 0.94) 0.79 0.86 0.92 2.36 0.41 0.78 

Concentrate/LU 0.91 (0.81, 0.99) 0.83 

Maize/forage ha 0.84 (0.46, 0.92) 0.71 

ECO DEA eco-efficiency N/A N/A N/A N/A N/A N/A N/A 

INTENS-AF: animal and farm-level intensification; ECO: eco-efficiency; CI: confidence interval; AVE: average variance extracted; LU: livestock unit; DEA: data 

envelopment analysis; N/A: not applicable. Rules of thumb: loadings, Cronbach’s alpha and Dillon-Goldstein’s rho should be at least 0.70. Communalities 

(squared loadings) and AVE should be at least 0.50. First and second eigenvalues should be above and below 1 respectively. Note: ECO is a single-item construct 

so assessment criteria above do not apply. 
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Table 4.5 Indicator reliability, internal consistency reliability and convergent validity of the measurement model for PLS-SEM-AF for Oceanic 
Specialized Systems (OSS). 

Constructs Manifest variables Indicator reliability Internal consistency reliability Convergent validity 

  Loadings (95% CI) Communalities Cronbach’s 

alpha 

Dillon-

Goldstein’s 

rho 

Correlation matrix AVE 

      1st 

eigenvalue 

2nd 

eigenvalue 

 

INTENS-AF Milk/cow 0.91 (0.88, 0.93) 0.83 0.83 0.90 2.23 0.51 0.74 

Concentrate/LU 0.88 (0.83, 0.92) 0.78 

Maize/forage ha 0.78 (0.68, 0.85) 0.61 

ECO DEA eco-efficiency N/A N/A N/A N/A N/A N/A N/A 

INTENS-AF: animal and farm-level intensification; ECO: eco-efficiency; CI: confidence interval; AVE: average variance extracted; LU: livestock unit; DEA: data 

envelopment analysis; N/A: not applicable. Rules of thumb: loadings, Cronbach’s alpha and Dillon-Goldstein’s rho should be at least 0.70. Communalities 

(squared loadings) and AVE should be at least 0.50. First and second eigenvalues should be above and below 1 respectively. Note: ECO is a single-item construct 

so assessment criteria above do not apply. 
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4.4.4. Phase 4: evaluating the structural models for CSS and OSS 

The first step of the structural model assessment was to determine the structural 

models’ predictive accuracy and relevance by means of R
2
, R

2
-adjusted and Stone-

Geisser’s cross-validated Q
2
 (blindfolding; Hair et al. 2014). 

The R
2
 is a measure of the proportion of the endogenous construct’s (ECO) variance 

that is explained by the exogenous constructs (INTENS-ALL or INTENS-AF). For 

PLS-SEM-ALL the R
2
 values were 0.13 (CSS) and 0.33 (OSS). The respective R

2
-

adjusted values, that is, R
2
 adjusted for sample size to allow for comparisons between 

models, were 0.11 for CSS and 0.32 for OSS. For PLS-SEM-AF, the R
2
 (R

2
-

adjusted) values were 0.09 (0.08) for CSS and 0.31 (0.30) for OSS. 

The Q
2
 is a measure of the structural models’ predictive relevance and values above 

0 are considered acceptable. For PLS-SEM-ALL Q
2
 ranged between 0.08 and 0.11 

for CSS and between 0.29 and 0.32 for OSS, indicating, respectively, small and large 

predictive relevance for CSS and OSS. For PLS-SEM-AF Q
2
 ranged between 0.05 

and 0.08 for CSS and between 0.27 and 0.29 for OSS, again indicating, respectively, 

small and large predictive relevance for CSS and OSS. 

The second and final step was to evaluate the strength and significance of the 

structural models’ path coefficients. The results and their bootstrapped estimates 

(95%, 5000 samples with replacement of farms within regions; see Hair et al. 2014) 

are presented in Table 4.6. The path coefficients INTENS-ALL → ECO and INTENS-

AF → ECO were significant and negative for both CSS and OSS. By means of a 

permutation test (5000 repetitions; Chin and Dibbern 2010), significant differences at 
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p < 0.05 were found between the path coefficients of CSS and OSS for both PLS-

SEM-ALL (p = 0.036) and PLS-SEM-AF (p = 0.024) (Table 4.6). 

Table 4.6 Path coefficients and their bootstrapped confidence intervals, standard errors, t-
values and p-values for the final structural models for CSS and OSS. 

Path Path coefficient (95% CI) SE t-value p-value 

INTENS-ALL → ECO (CSS) -0.36
a
 (-0.55, -0.21) 0.124 -2.860 0.001 

INTENS-ALL → ECO (OSS) -0.57
b
 (-0.67, -0.47) 0.074 -7.770 < 0.001 

INTENS-AF → ECO (CSS) -0.31
a
 (-0.51, -0.15) 0.126 -2.416 0.019 

INTENS-AF → ECO (OSS) -0.55
b
 (-0.65, -0.45) 0.075 -7.369 < 0.001 

INTENS-ALL: exogenous construct in model PLS-SEM-ALL, consisting of manifest variables for 

animal and farm-level intensification, and inverse-coded self-sufficiency; INTENS-AF: exogenous 

construct in model PLS-SEM-AF, consisting of manifest variables for animal and farm-level 

intensification; ECO: eco-efficiency, endogenous construct in both PLS-SEM-ALL and PLS-SEM-

AF; CSS: continental specialized systems; OSS: oceanic specialized systems; CI: confidence interval; 

SE: standard error. Values within a column with different superscripts differ significantly at p < 0.05. 

Note that superscripts are not comparable between PLS-SEM-ALL and PLS-SEM-AF. 

4.5. DISCUSSION 

4.5.1. Do intensification and self-sufficiency point towards opposite 
directions? 

As noted earlier, a possible confusion could arise from the HTMT results in that they 

suggested that the higher the (animal and farm-level) intensification, the lower the 

self-sufficiency. This finding resulted from the available dataset, but it is not always 

the case. For instance, the ‘average’ New Zealand dairy farm is intensive per ha on-

farm land, however it imports less than 10% of total feed offered (Basset-Mens et al. 

2009b). When stocking densities are kept at lower levels, adequate cropland on-farm 
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offers a high potential for the recycling of manure-related nutrients (Saam et al. 

2005). Self-sufficient systems can better regulate biogeochemical cycles and 

environmental fluxes to the atmosphere and hydrosphere through interactions among 

different farm units in space and time (Dumont et al. 2013). Self-sufficiency 

therefore follows the concept of agro-ecology, which considers agro-ecosystems as a 

whole in terms of several aspects (biological, technical, economic etc.) and aims at 

eliminating the disconnectedness of livestock farming from the land (Dumont et al. 

2013). By coupling agro-ecological concepts with other practices that reduce reliance 

on external nutrient sources (e.g. by improving the efficiency of nutrient utilization 

by the animals; Dumont et al. 2013), self-sufficiency then has the potential for high 

eco-efficiency without significantly lowering a farm’s intensification level (e.g. 

Basset-Mens et al. 2009b) or, in some cases, by just moderately reducing 

productivity/ha (see RAD 2010 in Dumont et al. 2013). 

On the other hand, lower greenhouse gas emissions (GHGE) per kg milk have been 

observed for cows fed on conserved forage and concentrates rather than pasture (Bell 

et al. 2014; Dillon et al. 2006; Garnsworthy et al 2012). Similarly, the two Langhill 

systems (Chapter 2) on high forage had higher methane emissions and total GHGE 

per kg milk than the two low-forage systems (Table 5 in Toma et al. 2013). These 

findings suggest that more self-sufficient farming with higher reliance on grazing 

could compromise environmental performance. Three comments arise here. First, at 

the aggregate, multiple-input – multiple-output level these results might not hold, 

which demonstrates the weaknesses of partial ratios. See Chapters 1-3 and the next 

sub-subsection. Second, grass has the advantage of being non-edible by humans as 

opposed to many concentrate types that could be used as human food (Wilkinson 
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2011). Third, genetic selection for higher yields can negatively impact on fertility, 

with implications for farm profitability, environmental performance and animal 

welfare (Garnsworthy 2004; Pryce et al. 2004; Santarossa et al. 2004). Arguably, 

self-sufficient farms with lower yields per cow than intensive farms get better 

fertility. In summary, self-sufficiency with a good balance between grass and other 

home-grown feeds could safeguard increased farm sustainability performance in 

terms of environmental, economic and social aspects. 

4.5.2. The relationship of eco-efficiency with intensification 

Following from the previous sub-section, the discussion below is based on the results 

from model PLS-SEM-AF only, rather than from PLS-SEM-ALL as well, because 

the former involves a more clearly defined intensification indicator. 

The significant and negative path coefficient INTENS-AF → ECO for both CSS and 

OSS suggests a trade-off between environmental performance and some aspects of 

intensified dairy production (milk/cow, concentrate/LU, maize/forage ha) in French 

dairy farms. Regarding concentrate/LU and maize/forage ha (milk/cow is discussed 

later on below), this finding agrees with studies indicating that heavy reliance on 

maize silage and concentrates can reduce dairy farm environmental performance 

(Arsenault et al. 2009;Basset-Mens et al. 2009b). In France- especially West France- 

the heavy use of maize silage in dairying (Nguyen et al. 2013) requires 

supplementation with a protein-rich complement such as soybean meal (Lehuger et 

al. 2009). Soybean meal is largely used in France and imported (mainly from Brazil), 

implying major environmental impacts at the point of production from the expansion 

of soy area and forest clearing (Bickel and Dros 2003; Lehuger et al. 2009). These 



108 

 

impacts were fully accounted for in the LCA indicators, which revealed the true 

implications of on-farm management decisions (i.e. increased use of concentrates 

and maize silage) for eco-efficiency. Alternatives to soybean meal which can be 

produced on-farm and supplement a maize silage-based diet do exist, such as 

rapeseed meal (Lehuger et al. 2009). Nonetheless, cultivating rapeseed meal instead 

of importing soybean meal would divert cereal land to rapeseed, implying either an 

increase of cereal yields on the remaining cropland or arable land expansion 

(Lehuger et al. 2009). Here, the agro-ecological role of self-sufficiency to recycle 

nutrients discussed earlier increases in importance. 

On the other hand, in France, dairy farms on the West have demonstrated in the 

recent past a higher ability to respond to CAP’s shift from milk support prices to 

direct payments and towards trade liberalization (Ben Arfa et al. 2009). They 

generally follow a highly industrialized production pattern and are more competitive 

in terms of milk production costs, collection and transport costs (Ben Arfa et al. 

2009). This gain in scale economies might come at the expense of the environment 

under particular on-farm management practices, as demonstrated in this chapter. This 

trade-off becomes particularly important considering the temporal aspect of 

sustainability, i.e. that sustainability should be maintained in the long term. In more 

detail, it has been shown that intensive dairy production aiming at maximizing short-

term profitability can have adverse effects on soil fertility which, in turn, can 

significantly decrease the future value of land (Santarossa et al. 2004). Importantly, 

Zimmermann (2008) argued that environmental LCA indicators (or, in my case, the 

aggregate LCA-based eco-efficiency scores) often have the nature of public goods 

and so they can reach a socially desirable level by means of market mechanisms only 
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to a limited extent. He proposed the employment of governmental measures 

controlling these effects; however he noted that such measures should have minimal 

influence on market events. Notably, a recent study on British farms (arable, mixed, 

dairy, livestock) found that the drivers for increased farm output coupled with 

improved environmental performance were largely financial, even among farmers 

expressing commitment to sustainability (Firbank et al. 2013): efforts to reduce input 

costs reduced wastes and pollution, while income streams from agri-environment 

schemes motivated farmers to enhance the farm for biodiversity. Nonetheless, these 

authors found that dairy farms increased output at the expense of environmental 

quality per unit land. In particular, dairy farmers argued that achieving greater yet 

sustainable production was hard to implement because of the currently difficult 

market conditions. 

The findings on milk/cow are interesting from a modelling perspective because 

current methods assessing the relationship of intensification with environmental 

performance might fail to be comprehensive. For instance, some recent studies 

showed that increasing milk/cow can result in reduced GHGE per kg milk (Bava et 

al. 2014; Casey and Holden 2005), i.e. ‘more’ can be produced per input with ‘less’ 

environmental damage. However, Zehetmeier et al. (2012) argued that increasing 

milk/cow might not always result in reduced GHGE at whole farm-level. Indeed, 

when accounting for GHGE associated not only with milk production, but also with 

beef production, considerably increasing milk yield per cow could actually result in 

higher GHGE (Zehetmeier et al. 2012). This is because producing the same milk 

yield from fewer cows would lead to a decline in beef production from surplus calves 

and cull cows, which would have to be compensated with beef from suckler cow 
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production (see also Puillet et al. 2014). This finding of Zehetmeier et al. (2012) 

pointed out that comparing partial ratios of productivity and environmental 

performance can result in misleading interpretations. It also demonstrated the need 

for more holistic analyses departing from partial ratios, as was done in this chapter. 

Hence, recent guidelines recommending to measure environmental performance 

using multiple LCA indicators expressed per some functional unit (e.g. LEAP 2015) 

might not provide a complete view of the relationship between intensification and 

environmental performance. 

It is noteworthy that Chapter 2 and a recent DEA study (Toma et al. 2013), both 

using the Langhill data, found that cows selected for increased milk fat plus protein 

production also had high environmental performance, regardless of feeding practices 

(lower versus higher reliance on bought-in concentrates). Another study (Casey and 

Holden 2005) found that higher cow productivity coupled with lower stocking 

densities resulted in better environmental performance of Irish dairy farms. 

Contrasting results between studies leave less room for a definitive answer as to 

whether or not intensification is beneficial for the environment; it depends on 

particular farming systems and circumstances. Choice of farming practices may vary, 

but a consensus exists that they should always consider increasing food production 

with the least possible environmental impacts (Eisler et al. 2014; Godfray and 

Garnett 2014). 

4.5.3. Why spatial heterogeneity should not be left unaccounted for 

Studies are increasingly recognizing the fact that spatial heterogeneity in dairy farms 

could often (but not always) lead to different conclusions for each region. Some 
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examples are provided here. Olesen et al. (2006) modelled dairy farm GHGE in five 

European regions characterized by differences in intensification levels, feeding 

strategy, stocking rate etc. Differences between regions were indeed demonstrated in 

their study, such as in the monthly methane emissions (animals and manure) from 

farms with slurry-based manure management systems. Hoch (1962), estimated 

production function parameters for a sample of dairy farms in Minnesota. He argued 

for a possible heterogeneity between dairy farms in southwest and southeast 

Minnesota and thus split the farm sample into these two regional groups before 

running his exercise. However, he did not identify any differences between the two 

groups. Novo et al. (2013) split a sample of Brazilian dairy farms into more 

homogenous regions to measure technical efficiency, though this did not lead to 

different results than pooling all farms into a single sample. Also to avoid spatial 

heterogeneity between dairy farms, Barnes (2006) and subsequently Shortall and 

Barnes (2013) used a sample from southwest Scotland only to measure the farms’ 

technical and environmental efficiency. Chapter 3, found that OSS can significantly 

outperform CSS in terms of eco-efficiency scores when both systems are set to 

operate under their full potential. 

In French dairying there is considerable diversity in location (mountains/plains), 

intensification level (intensive/extensive), feeding system (pasture, maize silage) and 

specialisation of production (specialized/diversified; Leylon et al. 2008). This fact 

and the aforementioned studies support the need to account for heterogeneity 

between dairy farm groups in assessments of the (French) dairy sector. The present 

chapter aims at exploring the relationship of eco-efficiency with intensification and 

self-sufficiency and to test whether the same relationships existed for CSS and OSS. 
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This relationship was significant and negative in both cases and, indeed, significant 

differences were found between path coefficients for CSS and OSS (Table 4.6). Had 

these differences not been significant, accounting for (spatial) heterogeneity in PLS-

SEM exercises is still important because failure to do so can be a threat to the 

validity of the results (Hair et al. 2014). 

4.5.4. The pros and cons of PLS-SEM to study farm sustainability 

A wealth of methods has been employed to aggregate different farm sustainability 

and/or efficiency indicators and/or to explore the relationships between them. 

Methods include bivariate and multivariate statistics, linear programming, DEA, 

LCA, simulation, and monitoring tools (Acosta-Alba et al. 2012; Barnes and 

Thomson 2014; Bava et al. 2014; Casey and Holden 2005; Del Prado and Scholefield 

2008; Jan et al. 2012; Meul et al. 2008; Reig-Martinez et al. 2011; Shortall and 

Barnes 2013; van Calker et al. 2008). In this chapter, PLS-SEM was deemed as the 

appropriate method for two main reasons. First, PLS-SEM allows for the aggregation 

of manifest variables into latent variables, as opposed to simply feeding the manifest 

variables altogether to, for example, a regression or principal component analysis 

model. Second, with PLS-SEM it is possible to simultaneously explore the 

relationships between more than two latent variables at a time, contrary to bivariate 

statistics that can only handle pairs of variables. Actually, the first and second 

aforementioned advantages derive from the fact that PLS-SEM can analyse the 

whole model as a unit, rather than dividing it into pieces (adapted from Goodhue et 

al. 2012). 
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On the downside, a widely recognized problem with the assessment of PLS-SEM is 

that, unlike other SEM models, it does not have a standard goodness-of-fit statistic 

(Henseler and Sarstedt 2013). For instance, there is no universal agreement as to 

which value of R
2
 is considered acceptable and in some cases a value as low as 0.10 

is satisfactory (Sarstedt et al. 2014). A general guideline is to interpret R
2
 in the 

context of the study at hand by considering R
2
 values from related studies (Sarstedt et 

al. 2014). This was impossible to do in this chapter for the following reason. From 

the six aforementioned applications of SEM to dairy farming identified in the 

literature, only Gyau et al. (2011) employed PLS-SEM as the preferred SEM method 

and the objective of their study had no relevance to that of the current chapter. 

Consequently, it was hard to draw any conclusions on the structural model’s 

performance based on the R
2
 values obtained in this chapter. It should be admitted 

though that the R
2
 values for CSS were probably too low and a future step is to 

develop a better PLS-SEM model for CSS with more data.  At least, the positive Q
2
 

values indicate the predictive relevance of the structural models, especially for OSS 

where the values were ‘well above zero’ (Sarstedt et al. 2014, p.111). It is 

noteworthy that in other studies R
2
 and Q

2
 values as low as for CSS were considered 

acceptable (e.g. Rodriguez-Entrena et al. 2013). Other indices to judge the overall 

model fit in PLS-SEM models have been suggested, such as the global and relative 

goodness-of-fit indices (see Henseler and Sarstedt 2013). However, these indices 

have proven unsuitable for model validation (see Henseler and Sarstedt 2013) and 

were not used here. 
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4.6. CONCLUSION 

The findings of the current chapter suggested that the debate whether intensive dairy 

farming is ‘good’ or ‘bad’ for the environment remains open. On-farm management 

practices such as increased reliance on maize silage and bought-in concentrates 

reduced eco-efficiency when the latter was assessed at a ‘global’ level with LCA. 

The same was true for the effect of increasing milk yield/cow on eco-efficiency 

because other products (meat and crops) and their associated impacts were also 

accounted for in the aggregate DEA eco-efficiency scores. However, these results 

might not necessarily hold for intensive farms with higher self-sufficiency levels and 

thus better ability to recycle elements on-farm. This stresses the importance of self-

sufficiency as an agro-ecological concept towards the design of intensive yet 

sustainable dairy farming systems. Finally, the modelling framework employed had 

multiple advantages over widely-used partial ratios, due to its ability to accurately 

represent, and relate, latent variables for eco-efficiency, farm self-sufficiency and 

(animal and farm-level) intensification within a multivariate statistical setting. 
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5. CHAPTER FIVE. The range adjusted slacks 

based measure in DEA 

Submitted to the Journal of the Operations Research Society of Japan. See 

Declaration page. 

5.1. CHAPTER FIVE ABSTRACT 

Two well-known additive data envelopment analysis models are the range adjusted 

measure (RAM) and the slacks-based measure (SBM). RAM has a ranking property 

and is particularly useful for ranking different (groups of) entities by efficiency 

performance. It is also translation invariant and can thus model negative data such as 

‘undesirable’ outputs of production. This property is strongly desirable because 

studies are increasingly accounting for negative production externalities. However, 

RAM often suffers from low discriminating power potentially causing troubles with 

communicating results. In contrast, SBM has high discriminating power yet does not 

carry RAM’s two aforementioned properties. I present a cross between RAM and 

SBM, the range adjusted slacks-based measure (RASBM), satisfying both 

aforementioned properties. RASBM carries additional properties, not all of which are 

satisfied by other known additive models. However, in some cases RASBM exhibits 

as low discriminating power as RAM. I discuss such cases and recommend a simple 

methodology for detecting them. 
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5.2. INTRODUCTION 

Often DEA practitioners are concerned with the ranking of DMUs (or groups of 

DMUs) in terms of efficiency performance (Chapter 3; Aida et al. 1998; Brockett et 

al. 1998; 2004). Moreover, it is increasingly recognized that efficiency assessments 

should account for undesirable outputs of production processes (Chapter 2; Sharp et 

al. 2007). Such outputs should be decreased rather than increased. Similarly, 

managerial efforts to improve efficiency sometimes dictate an increase rather than 

decrease in some inputs (Sharp et al. 2007). Developments with additive models 

have been instrumental in dealing with the aforementioned issues (Coope et al. 1999; 

2007; Lovell and Pastor 1995; Sharp et al. 2007). For example, as discussed in 

Chapter 3, the range adjusted measure (RAM; Cooper et al 1999) carries with it a 

ranking property because (a) is uses a common weighting scheme among all DMUs; 

and (b) it is strongly monotonic. It is also translation invariant, i.e. the solution is not 

affected when arbitrary constants are added to inputs and/or outputs. In other words, 

RAM can accommodate negative data representing either undesirable outputs to be 

decreased or inputs to be increased. 

RAM has additional properties shown in Chapter 3. First, it provides efficiency 

scores bounded in [0, 1], with 1 indicating full efficiency and 0 full inefficiency. 

Second, it is units invariant. Third, it is a simple linear programme. However, RAM 

often suffers from very low discriminating power potentially causing troubles with 

communicating results to decision-makers (Aida et al. 1998; Cooper et al. 1999). By 

contrast, Tone’s (2001) slacks-based measure (SBM) of efficiency is an additive 

model with high discriminating power and has been extremely popular in the DEA 
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literature (Tone’s paper cited 1754 times in Google Scholar prior to submission of 

this thesis). Although non-linear, SBM can be very easily linearized. SBM is units 

invariant, strongly monotonic and provides scores in [0, 1]. Nonetheless, SBM 

cannot rank DMUs and also lacks translation invariance. 

The purpose of this chapter is to present a cross between RAM and SBM, the range 

adjusted slacks-based measure (RASBM) of efficiency, which satisfies all 

aforementioned properties. Therefore, just like RAM, RASBM can be particularly 

useful for ranking exercises or in cases with negative data, yet it can provide a much 

sharper discrimination between inefficient DMUs than RAM and SBM. The 

properties of RASBM are summarized below: 

 (P1) Efficiency score in [0, 1], with 1 indicating full efficiency and 0 full 

inefficiency; 

 (P2) Units invariance; 

 (P3) Translation invariance; 

 (P4) Strong monotonicity; 

 (P5) Ranking property; 

 (P6) Easy to solve with linear programming; 

 (P7) Acceptable discriminating power; 

However, I show that the discriminating power of RASBM strongly depends on the 

data in hand and I thus provide simple guidelines so as to assist users with deciding 

whether or not it is an appropriate model for their dataset. I do so by deliberately 
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choosing a dataset with which RASBM performs much worse than SBM and another 

one with which RASBM is by far better than SBM. That way I eliminate data-

dependent bias in favour of (P7). 

The remainder of this chapter is structured as follows. In section 5.3 I provide a brief 

review of past additive models and show that, to the best of my knowledge, no 

additive model satisfying all properties (P1)-(P7) exists so far. In section 5.4 I 

present RAM and SBM and explain their properties and drawbacks in more detail, 

which leads to the presentation of RASBM in the same section. In section 5.5 I 

compare RASBM with RAM and SBM using two empirical examples. I also provide 

the aforementioned guidelines on data suitability for RASBM. In section 5.6 I 

discuss some advantages and drawbacks of RASBM. Section 5.7 concludes. 

5.3. PROS AND CONS OF PAST ADDITIVE MODELS 

In this section I argue that, to the best of my knowledge, no additive model satisfying 

(P1)-(P7) exists so far. 

In the previous section I mention that RAM satisfies properties (P1)-(P6). In fact, 

RAM is units invariant (P2) because the input and output slacks in the objective 

function are scaled by the ranges in inputs and outputs respectively. Note that the 

ranges act as a common weighting scheme among all DMUs. Other additive models 

with a common weighting scheme are the median adjusted measure (MAM; Chen 

2014), which scales the slacks by the medians of the variables; and the model of 

Lovell and Pastor (1995) - which Cooper et al. (1999) call the ‘Lovell-Pastor’ 



119 

 

measure (LPM) - that scales the slacks by the standard deviations of the variables. 

MAM and LPM do not satisfy (P1). 

Although RAM is the only model among the aforementioned that carries (P1)-(P6), it 

fails to satisfy (P7) because inefficient DMUs will often have values too close to full 

efficiency as very ‘few DMUs are likely to come close to being as inefficient as the 

ranges allow for each input and output’ (Cooper et al. 1999, p.22). Cooper et al. 

(2011) proposed the bounded adjusted measure (BAM) in order to remedy RAM’s 

low discriminating power. With BAM the input and output slacks in the objective 

function are scaled by the lower-sided input and upper-sided output ranges 

respectively. This results in a simple linear programme satisfying all properties but 

(P4) and (P5). 

An alternative to BAM is the measure of efficiency proportions (MEP) discussed in 

Cooper et al. (1999). MEP expresses input and output slacks as proportions of the 

DMU’s input and target output
2
 respectively. As with BAM, the weights differ 

between DMUs so MEP cannot rank DMUs. MEP is units- but not translation- 

invariant and provides a bounded score. MEP’s objective function contains sums of 

fractional functionals and therefore involves a non-linear programming problem that 

is complicated to solve (Cooper et al. 1999). Thus, MEP does not satisfy (P6). By 

contrast, RAM, MAM, LPM and BAM are simple linear programmes. 

Tone’s (2001) SBM returns bounded efficiency scores (P1) and is strongly 

monotonic (P4). It is units invariant (P2) because the input and output slacks in the 

objective function are scaled by the inputs and outputs respectively of the DMU 

                                                           
2
 By ‘target output’ I refer to the DMU’s output projection on the efficient frontier. 
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under evaluation. Thus, SBM does not carry with it a ranking property. SBM’s 

objective function is non-linear but, contrary to MEP, can be linearized in a very 

straightforward manner (P6). However, SBM is not translation invariant. This 

drawback of SBM is overcome by the modified SBM (MSBM) of Sharp et al. 

(2007). MSBM follows BAM in that it scales slacks by the sided ranges and thus it 

cannot rank inefficient DMUs. 

From the above it is evident that, to the best of my knowledge, no additive model 

satisfying (P1)-(P7) exists so far. 

5.4.  RASBM 

Suppose that there are 𝑛 DMUs each using 𝑚 inputs to produce 𝑠 desirable outputs, 

denoted as 𝑥𝑖 (𝑖 = 1, … , 𝑚) and 𝑦𝑟 (𝑟 = 1, … , 𝑠), free in sign. The RASBM 

efficiency score of the jth DMU under evaluation, denoted as DMUo, is given by the 

following programme: 

𝜌𝑅𝐴𝑆𝐵𝑀
∗ = min

𝜆𝑗,𝑠𝑖𝑜,𝑠𝑟𝑜 

1 −
1
𝑚

∑ 𝑠𝑖𝑜 𝑅𝑖⁄𝑚
𝑖=1

1 +
1
𝑠

∑ 𝑠𝑟𝑜 𝑅𝑟⁄𝑠
𝑟=1

 (1) 

subject to 

𝑥𝑖𝑜 = ∑ 𝑥𝑖𝑗𝜆𝑗

𝑛

𝑗=1

+ 𝑠𝑖𝑜 , 𝑖 = 1, … , 𝑚  

𝑦𝑟𝑜 = ∑ 𝑦𝑟𝑗𝜆𝑗

𝑛

𝑗=1

− 𝑠𝑟𝑜, 𝑟 = 1, … , 𝑠  
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∑ 𝜆𝑗

𝑛

𝑗=1

= 1  

𝑠𝑖𝑜 , 𝑠𝑟𝑜 , 𝜆𝑗 ≥ 0 (𝑖 = 1, … , 𝑚, 𝑟 = 1, … , 𝑠, 𝑗 = 1, … , 𝑛)   

where 𝑥𝑖𝑜 and 𝑦𝑟𝑜 are the inputs and outputs of DMUo respectively; 𝑠𝑖𝑜 and 𝑠𝑟𝑜 are 

the input and output slacks respectively; 𝜆𝑗 are intensity variables; and 𝑅𝑖 =

max𝑗{𝑥𝑖𝑗} − min𝑗{𝑥𝑖𝑗} and 𝑅𝑜 = max𝑗{𝑦𝑟𝑗} − min𝑗{𝑦𝑟𝑗} represent  the ranges in 

inputs and outputs, respectively, common across all DMUs. 

Just like RAM (Chapter 3), it is straightforward to see from the objective function in 

(1) that 0 ≤ 𝜌𝑅𝐴𝑆𝐵𝑀
∗ ≤ 1 under VRS and that RASBM is units and translation 

invariant, and strongly monotonic
3
 (see below). It is also evident that RASBM 

carries with it a ranking property. I must note that Sharp et al. (2007) discussed the 

possibility of replacing the sided ranges 𝑃𝑖𝑜 and 𝑃𝑟𝑜 in MSBM with the ranges 𝑅𝑖 and 

𝑅𝑟, although they did not do so by formally presenting the model and demonstrating 

it/comparing it with other models using empirical examples as I do here. See the next 

section. 

Before turning to the two examples in the next section, I first prove that RASBM is 

strongly monotonic and then also show that it can be very easily converted to a linear 

programme using the Charnes-Cooper transformation (see Cooper et al. 1999). 

In order to prove that RASBM is strongly monotonic, consider an inefficient DMU 

whose first input is increased by a positive quantity ℎ > 0. I want to show that 

adding this positive quantity to the first input will reduce the RASBM efficiency 

score, that is, I want to show that the following inequality holds at optimality: 

                                                           
3
 Sueyoshi and Sekitani (2009) argue that Cooper et al. (1999) wrongly claim that RAM is strongly 

monotonic. Here I agree with the latter authors’ claim, for reasons explained in later in the text. 
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1 −
1
𝑚

∑
𝑠𝑖𝑜

∗

𝑅𝑖

𝑚
𝑖=1

1 +
1
𝑠

∑
𝑠𝑟𝑜

∗

𝑅𝑟

𝑠
𝑟=1

>
1 −

1
𝑚 (

𝑠1𝑜
∗ + ℎ

𝑅1
+ ∑

𝑠𝑖𝑜
∗

𝑅𝑖

𝑚
𝑖=2 )

1 +
1
𝑠

∑
𝑠𝑟𝑜

∗

𝑅𝑟

𝑠
𝑟=1

, (2) 

where the asterisk (*) denotes optimality. With simple algebraic manipulations (2) 

reduces to the following inequality: 

𝑠1𝑜
∗

𝑅1
<

𝑠1𝑜
∗ + ℎ

𝑅1
, (3) 

which holds if and only if ℎ > 0, which we know is true. If we follow the same 

procedure by increasing each of the remaining inputs and outputs by a positive 

quantity we arrive at the same conclusion. Thus, RASBM is strongly monotonic. 

Note that by following the exact same procedure for RAM we get (3) and thus can 

show that RAM is also strongly monotonic. However, I mentioned before that 

Sueyoshi and Sekitani (2009) disagree that RAM carries this property. Specifically, 

in p.778 of their article they argue that when increasing an input, all else held 

constant, the range 𝑅𝑖 will be readjusted to a new value. In other words, the ranges in 

the denominators in (2) will differ between the ratios on the left and right of the 

inequality when 𝑥1𝑜 + h >   max𝑗{𝑥1𝑗} ⇔ ℎ >   maxj{𝑥1𝑗} − 𝑥1𝑜. In such a case, the 

range on the left of (2) will remain as 𝑅1 and the range on the right will become 

𝑅1
′ = (𝑥1𝑜 + ℎ) − min𝑗{𝑥1𝑗}. Although this observation by Sueyoshi and Sekitani 

(2009) is indeed very reasonable, I counter-argue that this new range 𝑅1
′  is not 

feasible in any given dataset because it exceeds the upper bound in the data that 

necessarily occurs from max𝑗{𝑥1𝑗}. If we wish to increase (decrease) an input 

(output), we shall do so below (above) the maximum (minimum) values of the inputs 
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(outputs) that the data show to be possible for the DMUs. With this logic in mind, I 

argue that RA(SB)M (i.e. RAM and RAMSBM) are strongly monotonic. 

I now use the Charnes-Cooper transformation to convert RASBM to a linear 

programme. Simple multiply the objective function and constraints of model (1) by a 

positive number 𝑡 and set the objective function’s denominator equal to 1: 

𝜏𝑅𝐴𝑆𝐵𝑀
∗ = min

𝑡,𝛬𝑗,𝑆𝑖𝑜,𝑆𝑟𝑜 
𝑡 −

1

𝑚
∑ 𝑆𝑖𝑜 𝑅𝑖⁄

𝑚

𝑖=1
 (4) 

subject to 

𝑡 +
1

𝑠
∑ 𝑆𝑟𝑜 𝑅𝑟⁄

𝑠

𝑟=1
= 1  

𝑡𝑥𝑖𝑜 = ∑ 𝑥𝑖𝑗𝛬𝑗

𝑛

𝑗=1

+ 𝑆𝑖𝑜 , 𝑖 = 1, … , 𝑚  

𝑡𝑦𝑟𝑜 = ∑ 𝑦𝑟𝑗𝛬𝑗

𝑛

𝑗=1

− 𝑆𝑟𝑜, 𝑟 = 1, … , 𝑠  

∑ 𝛬𝑗

𝑛

𝑗=1

= 𝑡  

𝑆𝑖𝑜 , 𝑆𝑟𝑜, 𝛬𝑗 ≥ 0 (𝑖 = 1, … , 𝑚, 𝑗 = 1, … , 𝑛).  

Let an optimal solution to (4) be (𝜏𝑅𝐴𝑆𝐵𝑀
∗ , 𝑡∗, 𝛬𝑗

∗, 𝑆𝑖𝑜
∗ , 𝑆𝑟𝑜

∗ ) . Then we have an optimal 

solution of RASBM as: 

𝜌𝑅𝐴𝑆𝐵𝑀
∗ = 𝜏𝑅𝐴𝑆𝐵𝑀

∗ , 𝜆𝑗
∗ =

𝛬𝑗
∗

𝑡∗
, 𝑠𝑖𝑜

∗ =
𝑆𝑖𝑜

∗

𝑡∗
, 𝑠𝑟𝑜

∗ =
𝑆𝑟𝑜

∗

𝑡∗
. 
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5.5. TWO EMPIRICAL EXAMPLES 

In this section I compare SBM and RA(SB)M with two datasets drawn from the 

literature. For the first example I chose the data in Aida et al. (1998) for two reasons. 

First, RAM has been extensively discussed and compared with other models 

(including SBM) in two studies based on these data (Aida et al. 1998; Cooper et al. 

2011) so readers can compare the results from RASBM with these studies if they 

wish. Second, these data demonstrate how RA(SB)M can seriously fail to 

discriminate among inefficient DMUs (I show this below). 

By contrast, the second dataset, drawn from Chapter 2, is suitable for demonstrating 

that the discriminating power of RASBM can in many cases be much higher than 

that of SBM and RAM. Also, in this example I harness RASBM’s translation 

invariance property because this dataset contains one undesirable output, which I 

model as a negative output. 

All calculations were run with the R language (http://www.R-project.org/) using both 

built-in and tailor-made functions. The code R code for RASBM is available in 

Appendix II. 

For the first empirical example I consider the data for 108 water supplying agencies 

in the Kanto region of Japan (Aida et al. 1998). The dataset contains five inputs and 

two outputs for each agency (Table 5.1). SBM (VRS specification), and RA(SB)M 

identified 59 inefficient DMUs whose scores are reported in Table 5.2. 
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Table 5.1 Output and input statistics for the first empirical example. 

  Min Max Mean SD 

y1 Operating revenues 1140 424747 18141 43725 

y2 Water billed 304752 70346264 2819546 7284395 

x1 No. of employees 3 2312 70 235 

x2 Operating expenses 114895 57812769 2089116 6138209 

x3 Net plant & equipment 1138674 379545767 14895374 38221856 

x4 Population 19777 3310646 164202 342313 

x5 Length of pipes 106 8406 492 842 

 

Table 5.2 Efficiency scores per model for the first empirical example. 

DMU SBM RAM RASBM 

1 0.849 0.990 0.986 

2 0.832 0.992 0.989 

4 0.768 0.998 0.996 

5 0.853 0.997 0.996 

6 0.704 0.997 0.995 

10 0.557 0.996 0.993 

11 0.785 0.995 0.992 

13 0.721 0.997 0.995 

14 0.471 0.998 0.996 

16 0.334 0.991 0.985 

19 0.698 0.996 0.994 

21 0.681 0.995 0.993 

23 0.773 0.997 0.995 

24 0.800 0.996 0.992 

25 0.581 0.996 0.993 

26 0.652 0.997 0.994 

27 0.698 0.996 0.994 

28 0.655 0.992 0.988 

31 0.908 0.998 0.997 

32 0.878 0.996 0.994 

33 0.907 0.996 0.994 

34 0.869 0.999 0.999 
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36 0.732 0.997 0.996 

39 0.821 0.989 0.980 

42 0.805 0.996 0.994 

44 0.840 0.993 0.987 

45 0.688 0.993 0.990 

46 0.794 0.997 0.996 

49 0.844 0.996 0.994 

50 0.869 0.997 0.993 

51 0.902 0.997 0.996 

53 0.871 0.998 0.997 

59 0.801 0.995 0.992 

65 0.830 0.997 0.995 

66 0.855 0.997 0.996 

67 0.821 0.997 0.996 

69 0.854 0.996 0.994 

70 0.754 0.998 0.995 

72 0.740 0.997 0.995 

74 0.831 0.996 0.994 

75 0.566 0.996 0.993 

77 0.617 0.981 0.972 

78 0.796 0.996 0.994 

79 0.512 0.996 0.993 

80 0.685 0.996 0.994 

81 0.765 0.992 0.988 

82 0.588 0.996 0.994 

83 0.809 0.996 0.993 

84 0.862 0.991 0.988 

86 0.299 0.978 0.967 

87 0.820 0.994 0.991 

88 0.794 0.993 0.990 

89 0.649 0.991 0.986 

91 0.750 0.988 0.983 

92 0.524 0.991 0.986 

93 0.749 0.996 0.994 

94 0.748 0.994 0.992 

104 0.920 0.997 0.995 

105 0.781 0.997 0.996 
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Mean efficiency 0.743 0.995 0.992 

SD 0.134 0.004 0.006 

Min 0.299 0.978 0.967 

Max 0.920 0.999 0.999 

Mean inefficiency 0.257 0.005 0.008 

 

Note that SBM << RASBM ≈ RAM in terms of both mean and individual-DMU 

scores. It is evident from the standard deviations and minimum values reported in 

Table 5.2 that SBM has a much wider spread of scores than RA(SB)M. In fact, mean 

RA(SB)M scores are extremely close to 1. The largest differences between SBM and 

RAM scores; and between SBM and RASBM scores are big: 0.679 and 0.668 

respectively for DMU 86. On the other hand, the largest difference between RAM 

and RASBM scores is negligible: 0.011 again for DMU 86. Also observe that both 

RAM and RASBM fail to satisfactorily discriminate among inefficient DMUs 

because they assign equal scores to many of them. It is not surprising that 

correlations are moderate between SBM and RA(SB)M and very high between RAM 

and RASBM (Table 5.3). 

Table 5.3 Correlations matrix of the three measures for the first empirical example. 

 SBM RAM RASBM 

SBM 1.000   

RAM 0.417 1.000  

RASBM 0.465 0.990 1.000 

 

Let me now explain why RA(SB)M perform so poorly in this example. Using the 

data in Table 1 I express the ranges 𝑅𝑖 and 𝑅𝑟 as a proportion of the maximum value 

in each input and output (Table 5.4). It is clear that the ranges almost equal the 
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maximum values of their corresponding inputs and outputs. We cannot expect (in 

this example) the slacks in many DMUs to come so close to the maximum values in 

each input and output when large disparities exist between them (compare, for 

instance, the minimum and maximum values of Input 1 in Table 5.1) - this is an 

enormous adjustment. Problems arising when DMUs with far-removed values or 

large ranges are present in the dataset are also discussed in Cooper et al. (1999) and 

Thrall (2000). 

Table 5.4 Ranges in outputs and inputs expressed as proportions (%) of the maximum 
outputs and inputs respectively (first empirical example). 

y1 y2 x1 x2 x3 x4 x5 

99.73 99.57 99.87 99.80 99.70 99.40 98.74 

 

I now show with the second empirical example that RASBM can have a higher 

discriminating power than RAM and SBM when the dataset is more ‘balanced’. I 

therefore use the data for the 28 DMUs in Chapter 2. The dataset contains three 

inputs, one output and one undesirable output for each DMU (Table 5.5). In this case 

𝑅𝑖 and 𝑅𝑟 are around 50% of the maximum value in each input and output (Table 

5.5), indicating a far more ‘balanced’ dataset than that in Table 5.1. 

Table 5.5 Output (y2 is an undesirable output) and input statistics for the second empirical 
example. 

  Min Max Mean SD (Max-

Min)/Max 

y1 Milk 339.90 641.40 442.58 68.37 47.01 

y2 Greenhouse gas emissions 373.80 605.90 481.88 64.76 38.31 

x1 Land 17.90 48.30 31.47 8.79 62.94 

x2 Nitrogen fertilizer 2.20 5.00 3.70 0.81 56.00 

x3 Purchased feed 214.90 446.10 324.33 82.26 52.83 
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As mentioned before, the undesirable output in Table 5.5 can be modelled as a 

negative output in RA(SB)M. However, because SBM cannot handle negative 

outputs, I employed the Undesirable Output Model of (Cooper et al. 2007); see 

Chapter 2. This is effectively the SBM model although with the following 

modification: for undesirable outputs, the ‘-’ sign in the outputs constraint is replaced 

by ‘+’. 

Table 5.6 clearly demonstrates that in this second empirical example the models rank 

as RASBM < SBM < RAM in terms of mean scores. The same ranking is maintained 

for the scores of individual DMUs, except for DMUs 19, 20, 21 and 27 that rank 

slightly higher for SBM than RAM. This time, the standard deviations and minimum 

values reported in Table 5.6 show that RA(SB)M have wider spreads of scores than 

SBM. The largest difference between SBM and RAM scores is small: 0.048 for 

DMU 5. On the other hand, the largest differences between SBM and RASBM and 

between RAM and RASBM scores are large: 0.200 (for DMU 21) and 0.180 (for 

DMU 19) respectively. Correlations between models are near-perfect this time 

(Table 5.7). 
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Table 5.6 Efficiency scores per model for the second empirical example. 

DMU SBM RAM RASBM 

2 0.895 0.923 0.860 

3 0.892 0.904 0.825 

4 0.786 0.833 0.715 

5 0.816 0.864 0.763 

6 0.807 0.827 0.701 

7 0.779 0.817 0.690 

11 0.854 0.898 0.825 

16 0.838 0.867 0.764 

17 0.852 0.878 0.774 

18 0.677 0.678 0.504 

19 0.644 0.634 0.455 

20 0.716 0.692 0.534 

21 0.647 0.620 0.447 

25 0.801 0.835 0.719 

26 0.802 0.815 0.689 

27 0.819 0.814 0.686 

Mean efficiency 0.789 0.806 0.684 

SD 0.079 0.097 0.131 

Min 0.644 0.620 0.447 

Max 0.895 0.923 0.860 

Mean inefficiency 0.211 0.194 0.316 

 

Table 5.7 Correlations matrix of the three measures for the second empirical example. 

 SBM RAM RASBM 

SBM 1.000   

RAM 0.986 1.000  

RASBM 0.994 0.996 1.000 
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5.6. DISCUSSION 

In this study I propose RASBM as the only additive model in the literature satisfying 

all properties (P1)-(P7). RASBM is a cross between the two well-known additive 

models RAM and SBM. RASBM can be seen as an improvement of RAM because 

the latter caries all properties (P1)-(P6) yet has a lower discriminating power (P7) 

than the former. At the same time, RASBM can be seen as an improvement of SBM 

as the latter is neither translation invariant (P3) nor does it carry a ranking property 

(P5). On the downside, I showed that whether or not RASBM satisfies (P7) is a data-

dependent matter and I thus provided simple guidelines that can help detect such 

cases. Below we discuss potential applications of RASBM as well as how cases 

where RASBM fails to satisfy (P7) can be dealt with. 

5.6.1. Potential applications of RASBM 

Translation invariance and the ranking property are two particularly strong aspects of 

RASBM. The ranking property is very useful for hypothesis testing where two or 

more groups of DMUs are compared in terms of efficiency scores (Chapter 3; Aida 

et al. 1998; Brockett et al.1998; 2004). Because the efficiency measures are ordinal 

but not interval level in data quality (Brockett et al. 2004), a convention in the DEA 

literature is to use non-parametric tests instead of traditional parametric statistics 

(Bogetoft and Otto 2011; Cooper et al. 2007). Non-parametric tests that are popular 

in DEA studies (e.g. Kolmogorov-Smirnov test; Kruskal-Wallis test; Mann-Whitney 

test; Spearman’s and Kendall’s rank correlation coefficients) are based on the ranks 
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of the observations instead of the observations themselves and therefore RASBM’s 

ranking property is very beneficial in this case. 

Efficiency studies are increasingly recognizing that environmental ‘externalities’ 

must be accounted for in the measurement of efficiency so that technologies with 

more desirable outputs and less undesirable outputs relative to less input resources 

are to be recognized as efficient (Cooper et al. 2007; see also Chapters 1-4). 

Consequently, given SBM’s popularity in the DEA literature, several studies of 

environmental efficiency have employed SBM (Chapter 2; Choi et al. 2012; Du et al. 

2016; Gómez-Calvet et al. 2014; Rao et al. 2012; Tone and Tsutsui 2011; Zhang and 

Choi 2013). As noted earlier, SBM requires a modification in its constraints to 

accommodate undesirable outputs. This is because SBM is not translation invariant. 

On the other hand, RASBM can incorporate undesirable outputs directly without 

requiring any modifications in the original model: the user simply has to assign a 

negative sign to undesirable outputs before feeding them to RASBM. Hence, the 

translation invariance property of RASBM can be greatly advantageous when 

accounting for undesirable outputs in efficiency assessments. 

5.6.2. Efficiency scores versus ranks 

The first empirical example (section 5.5) demonstrated two data-dependent 

drawbacks of RA(SB)M regarding both models’ discriminatory power. First, most 

inefficient DMUs scored ‘too close’ to 1. Second, many ties were observed between 

inefficient DMUs. These two issues have been reported in other real-life applications 

with RAM (Aida et al. 1998; Leverty and Grace 2008). As noted earlier, a potential 

problem arising from these two issues is that communication to decision-makers not 
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accustomed to dealing with such magnitudes might be challenging (Aida et al. 1998). 

However, as argued by Leverty and Grace (2008), RAM’s ranking property is ‘the 

true variable of interest’ (p.13). The same can be argued for RASBM. Indeed, with 

RA(SB)M it is not the efficiency scores that matter, but their ranks. 

To demonstrate this, consider the efficiency sores in Table 5.2, which are rounded to 

three decimal places. Originally, these scores had seven decimal digits (R output) 

and so, contrary to what can be observed in Table 5.2, there were no ties between 

inefficient DMUs. For example, DMUs 4 and 5 have the same score of 0.996 for 

RASBM in Table 5.2 yet their non-rounded scores are, respectively, 0.9957173 and 

0.9961858, i.e. DMU 5 ranks higher than DMU 4. It is clear, however, that such 

results might be extremely difficult to report: how can a decision-maker be 

convinced that (i) DMUs 4 and 5 are not ‘practically efficient’ no matter the fact that 

their scores are so close to unity; and (ii) that DMU 5 ranks higher than DMU 4 even 

though their scores differ by just 0.0004685, which is practically zero? 

In order to avoid such troubles, some studies employing RAM hardly report any 

efficiency scores and prefer to base their whole analyses on the scores’ ranks 

(Brockett et al. 1998; 2004). Nevertheless, in many cases this might not be easily 

understood and so several studies also report statistics on the RAM scores or the 

scores themselves (Chapter 3; Aida et al. 1998; Leverty and Grace, 2008; Sueyoshi 

and Goto 2010). When this is necessary recourse may be made to RASBM as it can 

provide a much sharper discrimination among inefficient DMUs than RAM and 

SBM
4
 while maintaining all other properties (P1)-(P6). 

                                                           
4
 This, of course, depends on the dataset as discussed earlier. 
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5.7. CONCLUSION 

Based on SBM and RAM in Chapters 2 and 3 respectively, I presented RASBM, an 

additive model that satisfies properties (P1)-(P6), that is, RASBM: calculates 

bounded efficiency scores; is units and translation invariant and strongly monotonic; 

carries with it a ranking property; and is easily linearized. Although RAM also has 

all these properties, I demonstrated that RASBM can provide a sharper 

discrimination among inefficient DMUs than RAM- and even SBM. This is property 

(P7). It is however particularly important to remember that the discriminating power 

of RASBM can decrease dramatically when the data contain far-removed values or 

large ranges because the model uses the ranges as a common weighting scheme. I 

recommend a simple preliminary assessment on the suitability of the data for 

RASBM, that is, to express the ranges in outputs and inputs as proportions (%) of the 

maximum outputs and inputs respectively. When these proportions are at about 50%, 

the dataset is probably ‘balanced’ enough to use with RASBM. Nevertheless, I do 

recommend that the users test how RASBM ‘behaves’ with their data- especially in 

comparison with other models- before employing it. In any case, RASBM’s ranking 

and translation invariance properties widen the model’s applicability, in particular 

with respect to ranking exercises and/or assessments of environmental efficiency, 

both of which are becoming increasingly popular in the DEA (dairy) literature. 
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6. CHAPTER SIX. Discussion and conclusions 

6.1. INTRODUCTION 

This thesis was set out to explore possible routes towards increasing dairy farm 

sustainability by identifying and resolving key trade-offs between aspects, 

production factors and pillars of dairy farming systems under particular 

circumstances (Objective 1). The dairy literature on this subject has produced mixed 

results on several relevant topics addressed in this work: 

a. The association between dairy farming intensity and environmental, economic 

and technical performance. 

b. The relationship between dairy farm self-sufficiency and environmental 

performance. 

c. The effect of potentially important drivers/differentials (aspects and 

circumstances) on dairy farm efficiency and environmental performance. 

d. Identification of ways in which production factors can be adjusted so as to 

improve dairy farm technical, economic and environmental performance. 

This thesis has also introduced DEA models and methodologies and statistical tools 

aiming at a more holistic measurement and better understanding of dairy farm 

efficiency than previous assessments (Objective 2). It employed two additive DEA 
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models, namely SBM and RAM, in order to measure dairy farm efficiency within a 

multiple-input multiple-output setting also involving undesirable outputs and 

environmental impacts (Chapters 2 and 3). The results from Chapter 3 were then fed 

into a PLS-SEM model to study the relationships between dairy farm environmental 

performance, farming intensity and farm self-sufficiency (Chapter 4). Chapter 5 

proposed the RASBM model, a cross between SBM and RAM that maintains both 

RAM’s ranking property and SBM’s high discriminating power. 

This chapter is structured as follows. Section 6.2 discusses the empirical findings of 

this thesis, while section 6.3 stresses their policy and management implications. 

Section 6.4 outlines some data and modelling challenges encountered during this 

work. Section 6.5 suggests some ideas for future work and section 6.6 concludes. 

6.2. EMPIRICAL FINDINGS 

The main empirical findings are chapter-specific and were summarized within 

Chapters 2-5. This section synthesizes the empirical findings to address this work’s 

two objectives. 

6.2.1. Objective 1: trade-offs in sustainable dairy farming systems 

While Chapter 2 found that animal and farm-level intensification expressed by, 

respectively, higher cow productivity and reliance on bought-in concentrates can be 

beneficial for environmental performance, Chapters 3 and 4 showed the opposite. 

The picture becomes less clear considering that other studies have found that animal-

level intensification combined with more extensive on-farm practices (lower stocking 
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densities) can actually benefit the environment (Casey and Holden 2005). As already 

noted in Chapter 4, contrasting results between studies (and Chapters) demonstrate 

difficulties in deciding whether or not intensification (or any other route) is 

beneficial for the environment, because different farm technologies, farm 

management practices and bio-physical factors are involved. There is, however, 

consensus that farming practices should consider increasing food production with the 

least possible environmental impacts (Eisler et al. 2014; Foresight 2011; Godfray and 

Garnett 2014; Parliament 2011). 

The findings in this thesis and papers cited and discussed throughout this work 

clearly demonstrate that it is of utmost importance to find solutions that fit particular 

cases; and to do so with the aid of metrics and tools with high potential for deeper 

analyses (DEA, LCA, statistics etc.). Along these lines, this thesis found the 

following results to the aforementioned aims a-d of Objective 1. 

6.2.1.1. Aim a: farming intensity and environmental, economic and 

technical performance 

Chapter 2 found that animal-level intensification (via genetic selection) aimed at 

increased milk fat plus protein production gave greater technical and environmental 

efficiency than controls of UK average genetic merit for milk fat plus protein 

production, regardless of whether on a low-forage or high-forage diet. In other words 

there is no genetic × nutrition interaction (Toma et al. 2013), high genetic merit cows 

give greater environmental performance even when on lower quality (cheaper) diets. 

Improving dairy cow productivity can indeed act as a GHGE mitigation option for 

dairy farms (see Monteny et al. 2006). This is supported by previous findings on the 
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Langhill herd that LFS systems have lower GHGE per kg milk than the other three 

systems (Bell et al. 2010; Bell et al. 2011; Chagunda et al. 2009; Ross et al. 2014; 

Toma et al. 2013). Although some impacts per ha land can be higher for LFS or both 

HFS and LFS (Bell et al. 2011; Chagunda et al. 2009), the results in Chapter 2 agreed 

with Toma et al. (2013) that HFS and LFS can be equally efficient- and more 

efficient than HFC and LFC- when several inputs and undesirable outputs are 

considered altogether within a DEA framework. 

On the other hand, a trade-off was found in Chapter 4 between eco-efficiency and (i) 

on-farm management practices that increase reliance on maize silage and purchased 

feed; and (ii) dairy cow productivity. Points (i) and (ii) are extensively discussed in 

Chapter 4 with supporting references leading to the same conclusions. Point (ii) 

contrasts the findings in Chapter 2 and has wider implications for the measurement 

of DEA efficiency. Indeed, it demonstrates that a fairer assessment of dairy farm 

efficiency should include all dairy farm products other than milk, such as meat and 

crop production, although this is rarely done in DEA exercises. Most studies in 

Appendix I are confined to milk-related output (solids, fat, protein, sales, value 

added etc.), sometimes accompanied by a monetary output expressing sales or 

revenue from ‘other’ products (e.g. Cloutier and Rowley 1993; Foragasi and Latruffe 

2009; Hansson et al. 2011; Jaforullah and Whiteman 1999; Jan et al. 2010; Kelly et 

al. 2012a; Kelly et al. 2012b; Kelly et al. 2013; Latruffe et al. 2012; Lund et al. 1993; 

Novo et al. 2013; Pérez Urdiales et al. 2015; Singh et al. 2001; Stokes et al. 2007). 

Very few studies accounted for several outputs such as milk, livestock, crops, forage 

and ‘other’ outputs (Hansson 2007; Hansson and Ohlmer 2008). A single study 

aggregated several products into a digestible energy content output (Jan et al. 2012) 
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although it is argued in Chapter 3 that different products should be considered 

separately. 

Point (i) has wider implications for dairy farm intensification strategies because it 

implies that higher reliance on external inputs might not improve dairy farm 

environmental performance. This is contrasted with the findings in Chapter 4 about 

the role of self-sufficiency in improving eco-efficiency. This is aim b of Objective 1 

and is further discussed below. 

6.2.1.2. Aim b: farm self-sufficiency and environmental performance 

Chapter 4 found that self-sufficiency in farm inputs can play an important role as an 

agro-ecological concept towards the design of intensive yet sustainable dairy farming 

systems. As discussed in Chapter 4, the negative relationship between self-

sufficiency and intensification was a result rather specific to the available dataset and 

cannot be generalized. For example, de Oliveira Silva et al. (2016) found that 

intensifying production in Brazil through improved grazing management can 

stimulate grass productivity, leading to an increase in net carbon uptake from the soil 

and hence reduced carbon footprint from greater self sufficiency. This is a 

particularly interesting synergy between environmental performance, intensification 

and self-sufficiency because around 90% of Brazilian livestock are solely grass-fed. 

The aforementioned example of Brazilian livestock (de Oliveira Silva et al. 2016), as 

well as the ‘average’ New Zealand dairy farm discussed in Chapter 4 demonstrate the 

potential for coexistence between  intensification, self-sufficiency and improved eco-

efficiency (see also Meul et al. 2012). A good example is the incorporation of forage 

legumes in grasslands (Legume Futures 2014; Peyraud et al. 2009; Woodfield and 
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Clark 2009). This is increasingly recognized as a promising way to reduce reliance 

on purchased mineral N and concentrate N, improve soil structure and composition 

and minimize agriculture’s global warming potential and non-renewable energy use, 

with potential improvements in the quality of animal products (Helming et al. 2014; 

Peyraud et al. 2009). Research has also identified positive effects of legumes on 

biodiversity (Helming et al. 2014) although these effects were found not to be 

consistent between sites and crops (Legume Futures 2014). Forage legumes have a 

high protein concentration so they can substitute purchased soybean meal which is 

largely used to complement maize silage-based diets (Peyraud et al. 2009). This 

could be a great advantage in areas with ample rainfall and sufficient growing 

seasons, such as the west of Britain (Toma et al. 2013), especially considering the 

high technical and environmental efficiency found for HFS systems (Chapter 2).  

Of course, there are some technical, economic and environmental trade-offs and 

management constraints associated with growing legumes on-farm (see Legume 

Futures 2014; Peyraud et al. 2009; Woodfield and Clark 2009). Two further issues 

could pose a problem to SI being ‘sustainable’, even with highly self-sufficient dairy 

farms. First, some studies suggest that SI could promote ‘land sparing’, that is, 

increasing yields on farmed land and freeing up land elsewhere for conservation (see 

Garnett et al. 2013). However, often the only natural habitats that can be spared are 

fragments within landscapes dominated by agriculture and significant spill-over 

effects of intensification (e.g. from nutrients) could diminish net conservation gains 

(Didham et al. 2015). Second, it has been found that sustainably maximizing yields 

from the already existing land might not be effective in reducing agricultural land use 

because projected increases in global food demand might drive further agricultural 
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expansion (Bajzelj et al. 2014). Of course, these results do not undermine the 

importance of self-sufficiency as an agro-ecological concept towards the design of 

intensive yet sustainable dairy farming systems (see Chapter 4). 

The findings on aims a and b are associated with the efficiency drivers/differentials 

considered in this study (aspects and circumstances). These relate to the findings on 

aim c below. 

6.2.1.3. Aim c: drivers/differentials on farm efficiency 

Chapters 2-4 demonstrated that potentially important drivers/differentials should not 

be left unaccounted for in dairy farm sustainability assessments. It was clearly shown 

in Chapter 2 that drivers such as genetic merit and feeding strategy can have 

implications for the efficiency of dairy systems. In Chapters 3-4, dairy farm eco-

efficiency was strongly influenced by farm location (region) and on-farm managerial 

strategies. Other drivers/differentials not covered in this thesis include animal health 

indicators (Barnes et al. 2011; Hansson et al. 2011; Toma et al. 2013) and farm 

socio-economic, technical or other aspects (Barnes 2006; Hansson 2007; Pérez 

Urdiales et al. 2015; Shortall and Barnes 2013). Unfortunately, such variables are 

often not available in commercial datasets. This adds value to experimental herd data 

such as Langhill (Chapter 2) or simulation exercises aimed at representing a range of 

cases found in commercial dairy herds (Berre et al. 2015). 

6.2.1.4. Aim d: adjusting production factors to improve efficiency 

The slacks analysis in Chapters 2-3 is central to this aim. Indeed, Chapter 2 revealed 

trade-offs between HFS and LFS systems in terms of technical efficiency when the 
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latter was decomposed into slacks of on and off-farm resources. Similarly, HFC 

systems exhibited lower technical efficiency than LFC yet the former’s slack shares 

were notably lower than the latter’s. In a similar manner, CSS systems had lower 

eco-efficiency with lower crops slacks and higher land use slacks than OSS, while 

OSS had higher eco-efficiency with lower milk and meat slacks and higher 

eutrophication slacks than CSS (Chapter 3). Demonstrably, the slacks analysis can 

identify trade-offs between competing aspects and thus aid the design of fit-for-

purpose dairy farming systems (see also section 6.3). 

6.2.2. Objective 2: improving farm efficiency assessments 

Increasing food production with the least negative consequences for the environment 

and Society constitutes a decision problem requiring policy resolutions which are 

often supported and informed by the results of scientific exercises (Vosough Ahmadi 

et al. 2015). Decision support tools are a set of scientific and analytical tools and 

approaches which can assist in the interpretation of reasearch results into policy-

relevant outcomes by handling and analyzing relevant quantitative and/or qualitative 

information (Perimenis et al. 2011; Vosough Ahmadi et al. 2015). An enormous 

body of agricultural research is concerned with applications of decision support tools 

on agricultural decisions, including optimization problems (e.g. Romero and Rehman 

2003); statistical techniques (e.g. Bava et al. 2014; Hill and Wall 2015; Richards and 

Jeffrey 2000); tools involving qualitative criteria (e.g. Meul et al. 2008; Pelzer et al. 

2012); farm simulation models (e.g. Chardon et al. 2012; Del Prado and Scholefield 

2008); DEA (see Appendix I); or combinations of the above (e.g. Berre et al. 2015; 

van de Ven and van Keulen 2007). The framework adopted in this thesis has strong 
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potential for use as a decision support tool for the betterment of dairy farm 

sustainability. This is demonstrated in Chapters 2-5 and further discussed in the 

remainder of this sub-section and in the next section. 

As previously mentioned (Introduction, Chapters 2-4), improving farm efficiency is 

central to policies designed to promote sutainable food production. This thesis aims 

at improving dairy farm sustainability through increasing efficiency performance and 

hence considered DEA as the most appropriate tool for this purpose. It was preferred 

over partial ratios and parametric methods such as stochastic frontier analysis for 

reasons extensively discussed in this thesis. 

6.2.2.1. Additive models 

A strong aspect of this work is the use of additive DEA models. Additive models can 

decompose efficiency into variable-specific scores through the slacks, which can also 

be ‘priced’ to estimate the cost of inefficient performance. This aided the 

identification of factors that were most detrimental to each system’s (Chapter 2) and 

farm’s (Chapter 3) efficiency performance. Such a decomposition of scores is widely 

done in studies using additive models (e.g. Aida et al. 1998; Brockett et al. 2004; 

Iribarren et al. 2011; Lozano and Gutierrez 2011; Tsutsui and Goto 2009). 

Despite the plethora of dairy DEA studies in the literature (Appendix I), it appears 

that the only dairy work harnessing the advantages of additive models are Chapters 

2-3 and Iribarren et al. (2011). This is by contrast with other areas such as the electric 

power and energy industries (Rao et al. 2012; Tone and Tsutsui 2011) and the 

transport (Lozano and Gutierrez 2011) and banking (Juo et al. 2012) sectors. One 

possible explanation why dairy research is lacking applications with additive models 
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is that they attracted greater attention fairly recently (last 15-17 years with SBM and 

RAM- especially the former) while the first DEA model was published in 1978 

(Charnes et al. 1978) and an enormous body of literature has supported it since then. 

This thesis brings many of the strong aspects of additive models into dairy research 

and thus envisages altering the current mind-set. Besides, recent advancements with 

additive models have provided access to a number of concepts/extensions that were 

otherwise available for use only with DEA models other than additive ones: (i) 

modelling the dairy farm as a ‘network’ (Avkiran and McCrystal 2014; Tone and 

Tsutsui 2014) where outputs from one part of the system (e.g. home-grown crops) 

are either used as inputs in another part (as feed for cows) or leave the system (as 

crops to be sold); (ii) modelling dynamic efficiency performance when it cannot be 

assumed that farm technology does not change through time (Avkiran and McCrystal 

2014; Tone and Tsutsui 2014); (iii) discriminating among efficient DMUs (Du et al. 

2010); (iv) incorporating stakeholder preferences (Cooper et al. 2007); (v) modelling 

weak disposability of undesirable outputs (where applicable; see Chapter 2); etc. 

Even further developments could involve ‘allocation problems’ discussed in Chapter 

3 (Discussion), which are traditionally dealt with in dairy research using 

‘proportional’ DEA models (e.g. Hansson and Ohlmer 2008; Kelly et al. 2012a). 

Some ideas on modelling allocation problems with additive models ex ante or post 

hoc can be found in, respectively, Cooper et al. (2011) and Portela and Thanassoulis 

(2007). 

Measuring eco-efficiency with DEA (Chapter 3) as a means to improve sustainability 

performance has attracted great attention in the literature (e.g. Beltran-Esteve et al. 

2014; Gadanakis et al. 2015; Jan et al. 2010; Kuosmanen and Kortelainen 2005; 
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Pérez Urdiales et al. 2015; Picazo-Tadeo et al. 2011; Zhang et al. 2008), yet no single 

dairy study employing additive models for this purpose was identified. 

Consequently, studies (including dairy studies) generally measure eco-efficiency by 

setting the DEA model to either reduce environmental impacts or increase output as 

the models they employ cannot do both simultaneously, contrary to additive models. 

Sustainably increasing food production requires simultaneous contractions in impacts 

and expansions in outputs, as done in Chapter 3 with RAM. 

Finally, the proposed RASBM model (Chapter 5) as a new additive DEA model with 

ranking and translation invariance properties and high discriminating power opens up 

opportunities for further improving efficiency analyses in future research projects 

concerned with the measurement of technical efficiency, environmental efficiency 

and eco-efficiency. 

6.2.2.2. ‘Corrective’ methodology 

The ‘corrective’ methodology (Chapter 3) has great potential for dairy farm analyses 

when regional or other ‘uncontrollable’ factors may create different farm 

technologies within the sample that should be corrected for. This can help identify 

the eco-efficiency potential of each region or some other factor and could therefore 

aid advisors and policy makers at farm or region/sector level. On the other hand, 

pooling farms before eliminating managerial slacks fails to capture (and eliminate) 

potential production burdens that uncontrollable factors might impose on the farms. 

This was demonstrated in a non-agricultural context by Brockett et al. (1998), who 

compared two types of US insurance companies which were fundamentally different 

in terms of organization. They contrasted their findings with an earlier study (Fama 
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and Jensen 1983) that had the same objective but confused observed performance 

(efficient or not) with the potential capabilities of these two types of organization 

(see Cooper et al. 2007, p. 238-239). It should be noted that the ‘corrective’ 

methodology resembles the so-called ‘meta-frontier’ approach (O'Donnell et al. 

2008), which effectively follows the same procedure although it only works with 

DEA models assuming proportionality. The meta-frontier approach has been applied 

in agricultural studies for efficiency comparisons between countries (e.g. Foragasi 

and Latruffe 2009; Latruffe et al. 2012) or heterogeneous regions within a country 

(e.g. Beltran-Esteve et al. 2014). Note that both the ‘corrective’ methodology and the 

meta-frontier extend earlier ideas that were operationalized in the DEA context by 

Charnes et al. (1981). All these methods have the virtue of being able to fairly assess 

DMUs that operate under largely different conditions, although I favour the 

‘corrective’ methodology in that it (i) allows the employment of additive models; and 

(ii) uses non-parametric rank statistics, which makes RAM an appropriate model for 

such analysis, as RAM carries with it a ranking property that other DEA models do 

not (Brockett et al. 1998). 

6.2.2.3. PLS-SEM 

Chapter 4 explores the relationship of the ‘global’ eco-efficiency scores from 

Chapter 3 with on-farm practices representing varying levels of (animal and farm-

level) intensification and self-sufficiency of the 185 French specialized dairy farms. 

Previous attempts to establish such relationships relied on a wealth of alternative 

methods. For instance, some studies used clustering techniques to create dairy farm 

groups characterized by different intensity levels ex ante (e.g. Alvarez et al. 2008; 
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Alvarez and Arias 2015; Bava et al. 2014). Others fed all relevant variables into 

regression or principal component analysis models, thus failing to create a distinction 

between variables representing different aspects (e.g. farming intensity, self-

sufficiency etc.; Bava et al. 2014; Casey and Holden 2005). Some studies were based 

on experimental herds designed to represent different farming intensity levels (e.g. 

Basset-Mens et al. 2009b and the aformentioned 'Langhill' papers) or used farm 

simulation models to create such levels (e.g. Berre et al. 2015; Lovett et al. 2006). 

Chapter 4 builds on this work with PLS-SEM because the latter (i) obviated the need 

to pre-define classes of different intensity levels; and (ii) it avoided confounding 

variables for animal and farm-level intensification, self-sufficiency and eco-

efficiency, as these were represented by four distinct latent variables. The idea was to 

develop a framework able to holistically capture how animal-level, farm-level and 

regional factors can affect dairy farm environmental performance; and to determine 

whether or not these relationships differed between CSS and OSS. The general utility 

of this approach is that the aforementioned idea could help decision support or policy 

intervention by enhanced understanding of the drivers of environmental performance 

under different circumstances and/or explain how circumstances influence aspects. 

6.3. POLICY AND MANAGEMENT IMPLICATIONS 

Rising concerns over the environmental impacts of agricultural activities indicate the 

urgency of developing tools and metrics able to provide policy and management-

relevant information for the improvement of environmental policies and farm 

management practices (adapted from Beltran-Esteve et al. 2014). Environmental 
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‘externalities’ must be accounted for in the measurement of efficiency so that 

technologies with more ‘good’ outputs and less ‘bad’ outputs (and environmental 

impacts) relative to less input resources are to be recognized as efficient (Cooper et 

al. 2007, chapter 13). Coupling of economic and environmental factors in the 

measurement of efficiency, as done in this thesis, is key to improving the 

sustainability of the food system (Eisler et al. 2014; European Commission 2011; 

Foresight 2011; Godfray and Garnett 2014; van den Berg et al. 2011). 

This thesis proposes a framework that, on the one hand, holistically measures 

efficiency performance; on the other hand, it identifies on-farm inefficiencies and 

potentially environmentally harmful management practices, as well as efficiency 

drivers/differentials and competing relationships between farming aspects and 

production factors. Measuring efficiency at the farm-level can aid the design of 

policies and adoption of management practices aimed at achieving sustainable 

development (Gadanakis et al. 2015; Picazo-Tadeo et al. 2011). Indeed, the eco-

efficiency exercise in Chapter 3 is relevant to policy-makers and farm managers, 

while the technical and environmental efficiency application and subsequent 

economic analysis in Chapter 2 can provide valuable information to farmers and 

farm managers. The findings in Chapter 4 are relevant to farmers, farm managers and 

policy-makers, while RASBM in Chapter 5 offers new, advantageous ways of 

measuring farm efficiency performance. 

A direct policy implication of decomposing efficiency through the slacks is that it 

provides insights as to which technical, environmental and economic dimensions of 

farming require improvements. However, further implications are identifiable in 

what Cooper (2014) called a ‘paradox’ in efficiency analysis: by weighting the 
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benefits from achieving full efficiency against the cost associated with disruption due 

to the adjustments, it may be rational to retain some slack in many cases. For 

instance, as discussed in Chapter 3, CSS systems devoted a larger part of on-farm 

land to crop production at the expense of lower milk and meat production than OSS. 

Therefore, the fact that CSS had larger milk, meat and land use slacks (and, of 

course, a smaller crops slack) than OSS does not necessarily show CSS at 

disadvantage over OSS; it might be more ‘efficient’ for CSS to retain these relative 

inefficiencies in milk, meat and land use. On the other hand, this would probably not 

be a viable choice for OSS systems as they operated under regional conditions that 

this thesis found to be particularly advantageous for dairy farming, thus shifting 

focus from crops to milk and meat production. The aforementioned observation by 

Cooper (2014) and findings on CSS and OSS bring a new perspective in terms of 

how efficiency performance should be interpreted by policy-makers. 

It is worth discussing further the potential of the tools employed in this work for 

guiding policy intervention. Policy intervention is necessary because environmental 

externalities are unlikely to decrease solely as a result of market-based instruments 

and the free market-oriented CAP reforms (see subsection 4.5.2 and Santarossa et al. 

2004, p.323). As DEA and PLS-SEM can account for both market and non-market 

goods (without recource to exogenous prices or weights), they provide an evidence 

base so that legislators identify polluters and impose environmental monitoring and 

enforcement. Although the efficacy of environmental monitoring and enforcement 

actions is often challenged due to, among others, limited understanding of the costs 

and benefits of such instruments, it must be stressed that in many cases they have 

been found to generate important deterrence effects (Alm and Shimshack 2014; 
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Shimshack 2014). On the other hand, regulations have been subject to criticism on 

the grounds that they impose uniform environmental standards on facilities facing 

heterogenous local conditions such as environmental damages and labour market 

conditions (see Dion et al. 1998). Nevertheless, Dion et al. (1998) found that, in 

practice, regulators are responsive to such heterogeneity and they will allocate 

greater inspection effort towards facilities whose emissions are more likely to 

generate higher levels of damage. Therefore, because DEA is farm-specific, it could 

guide regulators in identifying such heterogeneity, as well as heterogeneity attributed 

to different bio-phycial (Chapters 3-4) or other conditions. Importantly, DEA can be 

informed by farm-specific datasets generated by increasingly commecrialized 

precision agriculture technologies (see HM Government 2013). This is particularly 

advantageous as currently the rise of information technology has lowered policy 

administration and environmental information exchange costs (Krutilla and Krause 

2010). The use of LCA is another strong aspect because it accounts for externalities 

that local environmental regulations do not, which could result in self-sufficient 

farms experiencing higher enforcement as they tend to generate greater local impacts 

than less self-sufficient farms. In summary, as market-based instruments and free 

market mechanisms alone are unlikely to look after the environment, the methods 

used in this work can help guide policy intervention that is adjusted to farm-specific 

environmental performance. 
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6.4. LIMITATIONS 

6.4.1. Data 

Both the Langhill dataset and the French commercial farm data are characterized by 

advantages and drawbacks. The Langhill experiment was designed to test the 

hypothesis that select cows would perform best on a low-forage rather than a high-

forage diet (Veerkamp et al. 1994). A consequence is that animals were experimental 

controls rather than representatives of a rational choice of farmers and it could thus 

be argued that the Langhill dataset is unsuitable for the type of analysis conducted in 

Chapter 2. Nevertheless, a particularly strong aspect of this dataset is the availability 

and accuracy of a plethora of data collected (many real-time) to strict protocols over 

several years, which is extremely hard to achieve with commercial farms such as the 

French data. Therefore, numerous studies have used the Langhill dataset to assess the 

environmental performance of the four systems (Bell et al. 2010; Bell et al. 2011; 

Chagunda et al. 2009; Ross et al. 2014; Toma et al. 2013). On the other hand, the 

number of DMUs and DEA variables were larger in the French dataset, although the 

collection of commercial farm data relies upon less controlled methods (at least, the 

‘corrective’ methodology in Chapter 3 reduced this problem). 

Lastly, it is important to discuss some of several issues with LCA (see Reap et al. 

2008a; b) as this method was central to Chapters 3-4. The first issue is uncertainty 

associated with the assumptions that different LCA methods make, which has led 

some studies to perform sensitivity/uncertainty analyses on the LCA data (e.g. 

Basset-Mens et al. 2009a; Ross et al. 2014). LCA uncertainty was not dealt with in 

Chapters 3-4 and could be a future extension of this work. Second, inappropriate 
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boundary selection could lead to incorrect interpretations and unavoidably involves 

truncation errors (Reap et al. 2008a). In this work the boundary was the farm gate on 

the grounds that impacts due to food transport and processing are not linked to the 

dairy farming system. For instance, milk production can reduce costs of transport in 

some cases (e.g. when large-scale), yet this varies greatly from one region to another. 

Not accounting for such variation is another limitation of this work. Third, due to the 

lack of data, most of the LCA data used here lack spatial information and assume 

globally homogeneous effects (see Reap et al. 2008b). On the other hand, the largely-

debated problem of allocating impacts to different products was circumvented in this 

work by considering the whole farm as the functional unit. It must also be noted that 

the LCA data were largely in line with other published estimates (Basset-Mens et al. 

2009b; Béguin et al. 2012). To conclude, in this work the cons of one dataset were 

balanced by the pros of the other and thus these two datasets (Langhill and French 

data) worked synergistically to address the objectives of this thesis. 

6.4.2. DEA 

6.4.2.1. Dimensionality 

Some studies suggest dealing with DEA’s dimensionality issue discussed in Chapter 

3 by using bootstrapping techniques to identify ‘irrelevant’ inputs or outputs (e.g. 

Simar and Wilson 2001) or correct for DEA’s ‘upward’ bias (e.g. Simar and Wilson 

1998). Nevertheless, so far these methods cannot be used with additive models. 

Anyway, bootrstrapping in DEA is debatable (Asmild and Matthews 2012) for 

several reasons. For instance, the bootstrappping procedure constructs a bias-

corrected frontier enveloping the data-based frontier (see Bogetoft and Otto 2011, 
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chapter 6). This can sometimes change the status of efficient DMUs to inefficient 

relatively to the bias-corrected frontier because the DMUs’ distance from it 

increases. It is clearly not intuitive to impose inefficiency status to DMUs that serve 

as benchmarks to inefficient DMUs. Dimensionality in DEA remains a problem that 

can only be dealt with by careful selection of variables. For instance, Chapter 2 

avoids the potential ‘overlap’ between home-grown feed, on the one had, and land 

and N fertilizer use, on the other, by calculating two technical efficiency and two 

environmental efficiency indicators. A consequence of this selection was that fewer 

variables were involved in each DEA model, thus reducing dimensionality issues 

attributed to the small number of DMUs (compare the small number of efficient 

DMUs with the total number of DMUs in Table 2.3) Moreover, the five 

environmental impacts used in Chapter 3 are main dairy farm impacts considered in 

several studies (Basset-Mens et al. 2009b; Bava et al. 2014; Guerci et al. 2013). Of 

course, assuming that DEA performance would not be undermined by the inclusion 

of other important environmental impacts (e.g. freshwater and abiotic ecotoxicity; 

Arsenault et al. 2009), more environmental impacts could be used if data were 

available. Further extensions could also involve the coupling of DEA with farm 

simulation models so as to create large enough numbers of DMUs (e.g. Berre et al. 

2015). 

6.4.2.2. Deterministic nature 

DEA does not account for errors and/or stochastic relationships in the data, although 

this does not limit its potential: several methodologies based on regression and 

stochastic frontier analysis have been suggested so as to correct the DEA results 
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(efficiency scores and slacks) at a second stage (e.g. Bhattacharyya et al. 1997; Fried 

et al. 2002; Liu and Tone 2008; Tone and Tsutsui 2009). It can be argued that DEA 

scores do not have statistical properties required for the use of the aforementioned 

parametric statistical tests (Asmild and Matthews 2012; Brockett and Golany 1996) 

so one may turn to non-parametric approaches presented by Cooper et al. (2007, 

chapter 9). 

6.4.2.3. ‘Extreme’ solutions with additive models 

Because additive models maximize the sum of slacks, they often return ‘extreme’ 

solutions in the sense that an inefficient DMU might have a large slack in one input 

and a zero slack in another one. This drawback can be a source of trouble when the 

analysis involves panel data such as in Chapter 2 because the slack patterns of a 

DMU might fluctuate from non-zero in one year to zero in the next and so on. This is 

clearly not intuitive and Avkiran et al. (2008) suggested a modified version of SBM 

(their method can also accommodate RAM) dealing with this problem. Their method 

enriches the set of available choices for the improvement of dairy farm sustainability 

assessments with DEA. 

6.4.3. DEA and PLS-SEM are ex post methods 

DEA and PLS-SEM are ex post tools as they assess performance in terms of past 

production. For example, DEA helps identify aspects requiring improvements; 

however it cannot indicate the optimal resource allocations a farm should make ex 

ante to achieve the ‘best compromise’ between conflicting sustainability objectives. 

The latter can be done by means of optimization models, of which linear 
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programming (LP) has been extensively used in agriculture as a tool for assisting 

farmers in complex production and marketing-related decisions (Kaisser and Messer 

2011). The LP problem consists of an objective function to be optimized (e.g. 

maximize farm profit) subject to a number of farm resource and activity constraints. 

LP has been extended to tools known as multiple-criteria decision-making (MCDM) 

methods (Romero and Rehman 2003) that account for the multifaceted nature of 

many real-life decision problems, such as a farmer’s objective to maximize profit 

and minimize environmental impacts (e.g. Annetts and Audsley 2002). MCDM seeks 

the ‘best compromise’ between these conflicting objectives (or ‘criteria’) and is 

therefore capable of identifying trade-offs between them. Contrary to LP, MCDM 

has a multiple-objective function and each objective is typically assigned a numeric 

weight reflecting its importance to the decision-maker. 

Many studies have highlighted the numerous similarities between MCDM and DEA 

(see Cooper 2005; Joro et al. 1998; Yang et al. 2009). Yang et al. (2009) provide a 

very enlightening summary of the relationships between MCDM and DEA in p.206 

of their article (references omitted from extract below): 

“[T]he mechanism of DEA involves comparison of DMUs on the basis of multiple 

criteria of both inputs and outputs, but the emphasis of DEA is put on evaluating 

DMUs against the best practice units and on setting targets to improve efficiency, 

whilst [MCDM] focuses on ranking and assessing alternatives. […] [T]he 

fundamental connection between [MCDM and DEA] is the objective function that is 

either for maximising outputs or for minimising inputs. While DEA permits 

determining the productive efficiency frontier of a DMU by optimising [a function of 

weighted outputs and inputs, MCDM] allow[s] assessing and ranking alternatives 
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based on a set of criteria that may be conflicting and involve subjective judgments. 

[…] [DEA can be termed] as a reactive approach to [MCDM] where different 

alternatives are evaluated objectively.” 

From the above it is apparent that MCDM and DEA provide alternative routes to the 

analysis of synergies and trade-offs between competing aspects of dairy farms. Note 

that the ‘efficiency route’ with DEA does not require any a priori weighting scheme 

reflecting the subjective judgements of the decision-maker. However, such a priori 

weights can be incorporated in additive models where necessary (e.g. Cooper et al. 

1999; Cooper et al. 2007), further enriching the choices with DEA. 

Importantly, a main reason that triggered the development of MCDM and DEA was 

the observed inability of regression-based methods to deal with multiple-criteria 

problems that were encountered in a number of real-life applications (Cooper 2005). 

On the other hand, PLS-SEM arguably deals with this problem: by treating 

interactions among latent variables into a single model that integrates a series of 

simultaneous regressions, PLS-SEM has demonstrably the advantage of expressing 

potential synergies and trade-offs between latent variables. 

6.5. RECOMMENDATIONS FOR FUTURE WORK 

Sustainability is a multifaceted concept encompassing environmental, social and 

economic aspects. This work primarily focuses on environmental sustainability of 

dairy farms and has left out the potential impacts of socio-economic issues on farm 

efficiency. Such issues include animal health (e.g. Barnes et al. 2011; Hansson et al. 

2011; van der Voort et al. 2016); farm economic performance (e.g. Kelly et al. 
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2012a; Ramilan et al. 2011); agricultural employment, stability of workforce and the 

contribution of agricultural activities to the gross domestic product (e.g. Reig-

Martinez et al. 2011); and land ownership (see Barnes and Thomson 2014). Further 

extensions on environmental sustainability could account for biodiversity in the 

efficiency measures. For instance, some studies have included biodiversity indices 

(e.g. crop diversity) in the set of DEA variables (Halkos and Tzeremes 2010; 

Sipiläinen et al. 2008). Finally, future work could account for production risk as a 

detriment to farm sustainability caused by, for instance, environmental spill-overs 

due to indiscriminate use of pesticides, animal disease or weather (Chambers et al. 

2011; Skevas et al. 2014; Stott et al. 2003). In the DEA context, risk can be modelled 

in several ways, see Chambers et al. (2011) and Skevas et al. (2014). 

6.6. CONCLUSION 

This thesis uses and develops tools to holistically measure/understand dairy farm 

efficiency performance, so as to guide sustainable farming, and investigates whether 

or not SI can positively contribute to dairy farm sustainability, and if so under what 

circumstances. In spite of what is often reported about the benefits of SI in 

theoretical and policy debates, its efficacy in practice as a means to achieve greater 

yet sustainable food production depends on several- often competing- farm factors, 

including management practices, animal-level productivity and regional 

characteristics of the farms under evaluation. Furthermore, appropriately assessing 

whether or not SI (or some alternative practice) is beneficial for agriculture requires 

modelling frameworks able to capture several of the aforementioned factors and their 
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interactions. Past studies have only offered some solution to the modelling of dairy 

farm sustainability performance. By contrast, this work proposes a modelling 

framework that significantly contributes to current knowledge and the search for the 

best pathways to SI, improves widely-used modelling approaches, and challenges 

earlier findings based on less holistic exercises. 
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9. Appendix II. R code for DEA models 

employed in thesis 

This appendix provides the R code for the four DEA models employed in this thesis, 

namely input-oriented SBM for technical efficiency (Chapter 2, model 3); 

undesirable output-oriented SBM for environmental efficiency (Chapter 2, model 4); 

RAM for eco-efficiency (Chapter 3, model 2); and RASBM (Chapter 5, model 1). 

Each R function below solves a linear program (LP) and is named after the model it 

represents. The R code is inspired by the R functions ‘sbm.tone’ and ‘sbm.vrs’ in the 

R package ‘nonparaeff’ (https://cran.r-

project.org/web/packages/nonparaeff/nonparaeff.pdf). 

Input-oriented SBM for technical efficiency (Chapter 2, model 3) 

In code below, ‘base’ should be a data frame with 𝑠 + 𝑚 + 𝑤 columns and 𝑛 rows. 

The first 𝑠 columns should contain the desirable outputs, the next 𝑚 columns the 

inputs and the last 𝑤 columns the undesirable outputs. Note that SBM is not 

translation invariant so all data should have positive values. 

SBM_TE <- function (base, noutput, nunoutput) 

{ 

 require(lpSolve) #load linear programming package ‘lpSolve’ 

 s <- noutput #number of desirable outputs 

 w <- nunoutput #number of undesirable outputs 

 m <- ncol(base) - s – w #number of inputs 
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 n <- nrow(base) #number of DMUs 

 base.Y <- t(base[, 1:s]) #desirable outputs table 

     base.X <- t(base[, (s + 1):(s + m)]) #inputs table 

 base.Z <- t(base[, (s + m + 1):(s + m + w)]) #undesirable outputs table 

     re <- data.frame(matrix(0, nrow = n, ncol = 1 + n + m)) #results data frame 

     names(re) <- c("eff", paste("lambda", 1:n, sep = ""), paste("slack.x", 1:m, 

sep = "")) 

     f.dir <- c(rep("==", m ), rep(">=", s), rep("<=", w)) #(in)equalities in LP 

     for (i in 1:n) {#run ‘n’ LPs, one for each DMU 

  x0 <- base.X[, i] #inputs for DMUo 

          y0 <- base.Y[, i] #desirable outputs for DMUo 

  z0 <- base.Z[, i] #undesirable outputs for DMUo 

  f.rhs <- c(x0, y0, z0) #right-hand side in linear programme 

          f.obj <- c(rep(0, n), (1/m) * (1/x0)) #objective function 

          f.con1 <- cbind(base.X, diag(m)) #constraints 

          f.con2 <- cbind(base.Y, matrix(0, s, m)) #constraints 

  f.con3 <- cbind(base.Z, matrix(0, w, m)) #constraints 

  f.con <- rbind(f.con1, f.con2, f.con3) #all constraints 

          re.tmp <- lp("max", f.obj, f.con, f.dir, f.rhs) #solve linear programme 

          re[i, 1] <- re.tmp$objval #add solution to data frame ‘re’ 

          re[i, 2:(1 + n + m)] <- re.tmp$solution #add solution to data frame ‘re’ 

     } 

re$eff<- 1-re$eff #add solution to data frame ‘re’ 

 return(re) #return data frame ‘re’, the results data frame 

} 
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Undesirable output-oriented SBM for environmental efficiency (Chapter 2, 

model 4) 

SBM_EE <- function (base, noutput, nunoutput)  

{ 

 require(lpSolve) 

 s <- noutput 

 w <- nunoutput 

 m <- ncol(base) - s - w 

 n <- nrow(base) 

 base.Y <- t(base[, 1:s]) 

 base.X <- t(base[, (s + 1):(s + m)]) 

 base.Z <- t(base[, (s + m + 1):(s + m + w)]) 

 re <- data.frame(matrix(0, nrow = n, ncol = 1 + n + w)) 

 names(re) <- c("eff", paste("lambda", 1:n, sep = ""), paste("slack.z", 1:w, 

sep = "")) 

     f.dir <- c(rep("<=", m), rep(">=", s), rep("==", w) ) 

     for (i in 1:n) { 

  x0 <- base.X[, i] 

  y0 <- base.Y[, i] 

  z0 <- base.Z[, i] 

  f.rhs <- c(x0, y0, z0) 

          f.obj <- c(rep(0, n), 1/w * (1/z0)) 

          f.con1 <- cbind(base.X, matrix(0, m, w)) 

    f.con2 <- cbind(base.Y, matrix(0, s, w)) 

          f.con3 <- cbind(base.Z, diag(w)) 

          f.con <- rbind(f.con1, f.con2, f.con3) 

          re.tmp <- lp("max", f.obj, f.con, f.dir, f.rhs) 
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          re[i, 1] <- re.tmp$objval 

          re[i, 2:(n + w + 1)] <- re.tmp$solution 

 } 

 re$eff <- 1/(1 + re$eff) 

 return(re) 

} 

RAM for eco-efficiency (Chapter 3, model 2) 

In code below, ‘base’ should be a data frame with 𝑠 + 𝑚 columns and 𝑛 rows. First 𝑠 

columns should contain the desirable outputs and last 𝑚 columns the inputs (or 

environmental impacts). RAM is translation invariant so data can be free in sign. 

RAM <- function (base, noutput)  

{  

require(lpSolve) 

 s <- noutput 

 m <- ncol(base) - s 

 n <- nrow(base) 

 base.Y <- t(base[, 1:s]) 

   base.X <- t(base[, (s + 1):(s + m)]) 

  re <- data.frame(matrix(0, nrow = n, ncol = 1 + n + m + s)) 

names(re) <- c("eff", paste("lambda", 1:n, sep = ""), paste("slack.x", 1:m, 

sep = ""), paste("slack.y", 1:s, sep = "")) 

 Ri <- apply(data.frame(base[, (s+1):(s + m)]), 2, max) - 

  apply(data.frame(base[, (s+1):(s + m)]), 2, min) 

 Ro <- apply(data.frame(base[, 1:s]), 2, max) - 

  apply(data.frame(base[, 1:s]), 2, min) 

 f.dir <- c(rep("==", m + s + 1)) 
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for (i in 1:n) { 

      x0 <- base.X[, i] 

      y0 <- base.Y[, i] 

   f.rhs <- c(x0, y0, 1) 

     f.obj <- c(rep(0, n), (1/(m + s)) * (1/Ri), (1/(m + s)) * (1/Ro)) 

      f.con1 <- cbind(base.X, diag(m), matrix(0, m, s)) 

      f.con2 <- cbind(base.Y, matrix(0, s, m), -diag(s)) 

      f.con <- rbind(f.con1, f.con2, c(rep(1, n), rep(0, m + s))) 

#In ‘f.con’ above, numeric ‘c(rep(1, n), rep(0, m + s))’ represents the 

#variable returns to scale (VRS) specification 

      re.tmp <- lp("max", f.obj, f.con, f.dir, f.rhs) 

    re[i, 1] <- re.tmp$objval 

      re[i, 2:(1 + n + m + s)] <- re.tmp$solution 

 } 

 re$eff <- 1 - re$eff   

 return(re) 

} 

RASBM (Chapter 5, model 1) 

In code below, ‘base’ is defined as for RAM above. RASBM is translation invariant 

so data can be free in sign. Code below solves RASBM’s linear equivalent, i.e. 

model 4 in Chapter 5. 

RASBM <- function (base, noutput)  

{  

require(lpSolve) 

 s <- noutput 

 m <- ncol(base) - s 

 n <- nrow(base) 
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 base.Y <- t(base[, 1:s]) 

  base.X <- t(base[, (s + 1):(s + m)]) 

   re <- data.frame(matrix(0, nrow = n, ncol = 1 + n + m + s)) 

   names(re) <- c("eff", paste("lambda", 1:n, sep = ""), paste("slack.x", 1:m, 

sep = ""), paste("slack.y", 1:s, sep = "")) 

 Ri <- apply(data.frame(base[, (s+1):(s + m)]), 2, max) - 

  apply(data.frame(base[, (s+1):(s + m)]), 2, min) 

 Ro <- apply(data.frame(base[, 1:s]), 2, max) - 

  apply(data.frame(base[, 1:s]), 2, min) 

 f.dir <- rep("==", 1 + m + s + 1) 

 f.rhs <- c(1, rep(0, m + s + 1)) 

    for (i in 1:n) { 

        x0 <- base.X[, i] 

         y0 <- base.Y[, i] 

        f.obj <- c(1, rep(0, n), -1/m * (1/Ri), rep(0, s)) 

        f.con1 <- c(1, rep(0, n), rep(0, m), 1/s * (1/Ro)) 

        f.con2 <- cbind(-x0, base.X, diag(m), matrix(0, m, s)) 

        f.con3 <- cbind(-y0, base.Y, matrix(0, s, m), -diag(s)) 

        f.con <- rbind(f.con1, f.con2, f.con3, c(-1, rep(1, n), rep(0, m + s))) 

        re.tmp <- lp("min", f.obj, f.con, f.dir, f.rhs) 

        re[i, 1] <- re.tmp$objval 

        re.t <- re.tmp$solution[1] 

        re[i, 2:(1 + n + m + s)] <- re.tmp$solution[-1]/re.t 

 } 

 return(re) 

} 
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