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Thesis Abstract
Efficiency is a long-standing objective of dairy cattle production systems. However, the
expected impact of external stressors such as climate change means resilience may now be
an increasingly important production goal. Resilience characterises the ability of a system to
moderate perturbations at any level, including the animal level, for example, where individual
cows may be adapted to reduce heat-stress impacts on their production and functioning. Yet,
there is uncertainty about the degree to which these goals are antagonistic, so this thesis aims
to evaluate how objectives of resilience trade-off against efficiency objectives in the context of
future agricultural production challenges, and to advance understanding of the value of
resilience to dairy cattle production systems in Europe. These aims are achieved through interdisciplinary approaches, and three important contributions to the literature are made.
The first contribution, Chapter 2, is a state-of-play assessment of the application of stated
preference approaches to understand stakeholder values in the field of agricultural breeding.
This research draws on an innovative ranking tool to quantify how genetic traits are valued
differently in reviewed studies depending on the system being evaluated. The review provides
a knowledgebase of existing applications and highlights knowledge-gaps and key
considerations for future applications, such as the accurate representation of heterogeneous
values and motivations of the respondents. This systematic review lays the foundation for
Chapter 3, where a novel application of a stated preference approach was used to ask
stakeholders in European dairy systems how the value of genetic improvements to dairy cattle
depend on whether the production goal is resilience or efficiency. Here, substantial differences
in the value of some production, functional and novel traits between scenarios (resilience or
efficiency goal) are presented. In addition to this, associations between socio-demographic
characteristics of respondents and the relative values of genetic traits are discussed.
Next, in Chapter 4, a stochastic, dynamic, multi-trait, individual-based model was developed
that simulates a herd of individuals from conception to leaving the herd (due to sale, death or
culling). With this daily time-step model, we mimic the biological performance and
management of a specialist Scottish dairy herd under genetic selection and in several
scenarios of future climate. Individuals are influenced by genetic and environmental variation,
and performance data is used to calculate financial and environmental consequences. Results
are presented in Chapter 5, which describes climate change impacts on dairy production, even
for temperate regions such as southwest Scotland. Importantly, evidence is presented to
demonstrate that failure to account for weather effects in similar – increasingly popular –
models will cause the misrepresentation of performance metrics due to both short-term
extremes and long-term incremental change.
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Lay Summary
The global population is increasing and dietary habits are shifting towards consumption of
more livestock products because of increasing urbanisation and wealth. In addition to this, the
production of livestock products, such as dairy, are connected to substantial emissions of
greenhouse gases (GHG), which contribute to the climate crisis, that are very difficult to
reverse. This is why food producers must continually strive to improve efficiency, which can
be measured in a number of ways. Economic efficiency is important to keep products such as
milk and meat affordable, while enabling profit to be made in the supply-chain. Environmental
efficiency is important to reduce GHG emissions and other pollution associated with production.
However, in the future, production will be affected by external influences, for example, climate
change will lead to higher temperatures in some regions, which will stress cows and so reduce
the amount of milk they can produce. Therefore, researchers and stakeholders are eager to
make production systems - including the animals in them - resilient to these impacts, which
means they will be less stressed by higher temperatures so their milk production will be less
affected. However, since researchers are unsure of the exact nature of future challenges, it is
therefore difficult to know how valuable resilience is towards maintaining efficiency.
The value of resilience, and how this value trades-off against efficiency, is explored in this
thesis. In particular, this research is focused on the value of genetic characteristics of animals
(such as milk yield), which can be selected for and improved over time. However, conventional
approaches to valuing these traits are not always appropriate when considering resilience, as
mentioned earlier, so other methods are explored. Firstly, methods of quantifying value using
stakeholder preferences are reviewed in a methodical way. Based on this review,
recommendations for future research are made, which include how to accurately represent the
diverse values and motivations of stakeholders. Next, a new approach for the field is applied
with dairy cattle stakeholders across Europe, where differences in the value of genetic traits
are investigated depending on whether respondents are aim for resilient or efficient production.
Here, substantial differences in the value of traits between production scenarios are found,
and these differences are linked to characteristics of the respondents.
In the second half of the thesis, a novel simulation model is described and applied to evaluate
the performance of a herd of dairy cattle for 20-years into the future. The model represents a
specialist dairy herd in southwest Scotland. Results show that if the direct effects of weather
on cows are not accounted for, herd performance in terms of technical output (e.g. milk yield),
economic output and environmental output will be misrepresented. This will potentially lead to
suboptimal decisions on the farm and at the wider industry level.
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Chapter 1
General introduction
1.1 Thesis introduction

“All life requires the capacity to recover from challenges that
are as inevitable as they are unpredictable.”
- Scheffer et al. (2018)
By 2050, the global population will have surpassed 9 billion people (United Nations (UN),
2017). Accordingly, demand for food will continue to rise, with some estimates suggesting
global agricultural production must increase by over 50% (Alexandratos and Bruinsma, 2012;
Food and Agriculture Organisation (FAO), 2017; Valin et al., 2014). Yet, owing to changing
social circumstances, such as urbanisation and economic development, demand is likely to
be concentrated on high input foodstuff, such as meat and milk (Godfray et al., 2010; Sans
and Combris, 2015). Against this background, scientists also expect global climate change to
result in the increasing frequency and duration of extreme weather conditions, which will have
a considerable impact on achievable agricultural outputs. Climate change is primarily driven
by the emissions of greenhouse gases (GHGs) and, of all anthropogenic emissions, livestock
production is responsible for almost 15% (Steinfeld et al., 2006); cattle systems contribute
almost three-quarters of this (Caro et al., 2016). Therefore, food systems researchers –
especially cattle system researchers – are not only under pressure to demonstrate their
contribution to increased food production and food security, but also to contribute to other
desired development outcomes such as environmental sustainability.
This introduction begins by taking a closer look at the importance of cattle production systems
and is followed by a discussion of key challenges to maintaining efficient production in the face
of anticipated future challenges. Then, an overview of research tools to explore and evaluate
cattle system sustainability will be presented. This Chapter will conclude with a clear definition
of the aims and objectives for the thesis.
1.2 Cattle production: global and local
Globally, cattle production systems contribute to livelihoods and food security by enabling
income generation, providing manure and draught-power, and supplying essential macro- and
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Figure 1.1 Global cattle stocks by continent from 1961-2019 (data source FAOstat, 2021)
micro-nutrients that can be difficult to source in adequate quantities from plant-based foods
alone in some regions (Randolph et al., 2007; Smith et al., 2013). However, production is not
without negative externalities – such as GHG emissions, pollution from reactive nitrogen, using
human-edible food in feed-rations, and often-low feed-conversion efficiencies (Mottet et al.,
2017). And, for many consumers, continued and increasing consumption is less about the
essential supply of macro- and micro-nutrients, but instead constitutes a reluctance to eschew
strongly held personal preferences (De Boer et al., 2014). Consequently, the number of cattle
in the world continues to rise, and now approaches 1.1 billion head (Figure 1.1), this includes
a 14% increase in the number of dairy cows between 2005-2015 (FAO, 2019).
In the European Union (EU), in 2017, there were 3.6 million farms belonging to the cattle sector;
amounting to 17% of all EU farms (Ihle et al., 2017), of which, approximately 600,000 were
specialist dairy farms (European Commission, 2018). In addition to this, the EU cattle sector
employed one quarter of the total EU agricultural labour force, and covered 55 million hectares,
one third of the total EU utilised agricultural area (Ihle et al., 2017). Despite the majority of EU
countries recording annual declines in dairy cattle numbers in recent years (Figure 1.2), partly
due to increasing production efficiency, the EU (before the departure of the United Kingdom;
UK) was still home to 23 million dairy cows, producing 163 million tonnes of milk (Eurostat,
2020; Ihle et al., 2017). However, structural differences in dairy cattle systems across the EU
are notable, with larger, specialised farms dominating western Europe, particularly in Germany,
France and Italy, while eastern Europe is characterised by smaller farms with mixed production

2|Page

Chapter 1
(Ihle et al., 2017), although exceptions such as Poland do exist. The extent of these structural
differences are evident when considering that the average contribution of EU-13 national cattle
sectors to the EU total are €4 billion per year less than the average contribution of EU-15
national cattle sectors (Ihle et al., 2017). Therefore, despite a current tendency to treat cattle
systems as homogenous groups, understanding heterogeneity is vital to implementing
appropriate solutions at any system level.
In the UK, as of 2020, there were 2 million dairy cows, across over 12,000 dairy farms
(Agriculture and Horticulture Development Board (AHDB), 2021a; Uberoi, 2020). The UK is
the 11th largest milk producer in the world, with milk production accounting for 17% of total
agricultural output in the UK, and a market worth approximately £4.5 billion per year (Uberoi,
2020). In Scotland, where average herd size is largest (~200 milking cows), the majority of
production is concentrated in the southwest region, where approximately 1.5 million tonnes of
milk are produced each year by almost 900 herds (AHDB, 2021b; Scottish Dairy Cattle
Association, 2020).
Therefore, globally and locally, it is clear that dairy systems play a substantial role in food
security goals, and provide substantial revenue for rural communities. However, looking to the
future, there are several expected challenges to production that may be detrimental to the
continued productivity of the system. The following sub-sections provide an overview of some
key challenges.

Figure 1.2 EU dairy cattle stocks for top 5 dairy producing countries 1996-2020 (data
source: Eurostat, 2021)
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1.3 Cattle production: challenges
Issues of sustainable cattle production can generally be described as economic, social and
environmental. However, a single issue is rarely defined exclusively by one theme. For
example, economic viability is a key driver of production in cattle systems, so addressing
environmental and social challenges must have a demonstrable economic value to
stakeholders in order that meaningful change is implementable across supply chains. However,
many environmental and economic impacts of food production are also rooted in social
acceptability (Blandford and Fulponi, 1999), and so understanding the motivations and values
of stakeholders is vital to defining sustainable production.
In the EU and UK, the overlap between these cross-cutting issues is no clearer than on
considering the future of agricultural payment schemes, which manifest the strategic direction
of the respective agricultural sectors. In the EU, the common agricultural policy (CAP) supports
farmers, the incomes of whom are disproportionately low (and highly variable) compared with
other sectors of the EU economy, reaching just 40% of average EU wages, with some farmers
facing income drops of up to 30% year-on-year (European Commission, 2017). In the UK,
agricultural payments were unlinked from the CAP when the UK left the EU, although
substantial divergence from CAP policy is yet to materialise. Meanwhile, agricultural payments
in the UK currently account for over 70% of total income from farming (rising to over 80% in
Scotland) (Coe, 2020). For both subsidy schemes, radical overhauls are expected over the
coming years, with a shift in focus to payments based on enhanced conditionality and more
ambitious basic requirements, meaning recipients will be expected to fulfil environmental and
climate-friendly standards that will be stricter – and with higher baselines – than current
systems of cross-compliance and greening1 (Department for Environment, Food and Rural
Affairs (DEFRA), 2020; European Commission, 2020). In future, for the EU, agri-environmentclimate measures will comprise at least 30% of direct payments (European Commission, 2020),
whereas, in the UK, even higher thresholds of up to 70% are expected in the long-term, for
example through the proposed Environmental Land Management Scheme for England and
Wales (Agriculutral Economics Society (AES), 2021; DEFRA, 2020). In both cases, it appears
likely that payments will be made more results-based, rather than based on prescribed
management practices, giving farmers the freedom to innovate in the provision of public goods
(see Figure 1.3), such as environmental improvements (DEFRA, 2020; European Commission,
2020; Moran et al., 2018). These changes represent a clear signal that agricultural production
must become more efficient, both in economic and environmental terms, while providing

1

Farmers may receive payments for various non-contractual practices, undertaken to enhance
environmental performance of agricultural systems and provide benefits for society and the
environment. Practices include crop diversification, maintenance of permanent grassland, and
setting aside ecological focus areas.
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Excludable*

Rivalꭞ

Non-rival

Non-excludable

Private goods

Common-pool goods

Milk, milk products, meat, meat

Common grazing land, freshwater

products

resources

Club goods

Public goods

Subsidies, e.g. via the Common

Animal

Agricultural Policy (CAP)

aesthetics, biodiversity

welfare,

landscape

*Excludability depends on the efficacy of preventing consumers from accessing a particular good

ꭞRivalry describes whether the consumption of a good by one consumer affects its consumption
by another

Figure 1.3 A matrix of goods classification, with examples from European cattle production
systems.

additional benefit to society in the form of public goods. However, in the case of the UK, it
remains unclear how these new measures will affect farm systems, especially as new trade
deals liberalise agricultural markets to competitors who are priced out of EU markets via tariffs,
and whose production is not currently dictated by high environmental standards or the
provision of other public goods, such as animal welfare (AHDB, 2021c).
Systems of governance can have a substantial influence over the structure of production
systems. For example, in the EU dairy industry, milk quotas ended in 2015, which led to
considerable abandonment of dairy farming by the smallest producers and a concomitant
increase in slaughtered cows of 4% EU-wide (Ihle et al., 2017). In instances such as this, the
associated risks of policy-shifts are not limited to economic consequences alone, and may
include rural depopulation, proliferation of wild fire, and loss of high nature value farmland
(Renwick et al., 2013). Maintaining rural livelihoods is an important aspect of a socially
responsible production system, particularly in marginal areas, which account for a large
proportion of EU and UK territories (Ihle et al., 201).
Innovation and technology can help producers deal with uncertainties; however, uptake of
agricultural technologies remains generally low, partly due to economic constraints (Barnes,
2016; Smith et al., 2007). Years of low investment in research and development in the EU
agricultural sector, has led to sub-optimal productivity growth, despite the high rate of multiple
returns for research investment (in terms of production and environmental mitigation) (Barnes,
2016; European Commission, 2017). Behavioural constraints can also limit adoption of new
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technology; farmers may be loss averse and risk averse when it comes to uptake, choosing
instead to take the option value of waiting to invest while technology is assessed for viability
and usefulness (European Commission, 2017). There may also be a reluctance to uptake
technologies perceived to be inappropriate for producer’s needs, which is a common pitfall in
the development of breeding technologies, such as the formulation of breeding objectives (the
use of which direct genetic strategies, in terms of what traits to select for and their relative
value to the system). This is because, historically, breeding objectives have failed to accurately
represent the diverse values and motivations of stakeholders, with genetic improvement
directed at the national level and based on homogenous production systems and homogenous
producers (Nielsen et al., 2014). This failure to acknowledge heterogeneous values and
motivations related to selective breeding is a barrier to uptake for many target users, and limits
the realisation of potential genetic gains in breeding programs (Byrne et al., 2016; MartinCollado et al., 2015).
Additionally, the adoption of different technologies and practices in livestock systems are
increasingly affected by the standards of consumers. In this regard, the cattle industry is
sensitive to the values of consumers (and wider society), who may refuse to buy products that
are produced in ways they do not approve of (Parker et al., 2017; von Keyserlingk et al., 2013).
Animal welfare standards are one such example, where academic and media coverage has
increased dramatically over recent decades, and where negative media coverage is
associated with a reduced propensity to consume livestock products (Ortega et al., 2015;
Tonsor and Olynk, 2011; Weary and von Keyserlingk, 2017). However, consumer purchasing
behaviour does not always align with consumer attitude surveys, meaning consumers often
will not make socially responsible food choices at the point of sale, as other priorities and
behavioural processes may interfere with decision-making (Appleby et al., 2003). In the longterm, this may mean policy that places too much emphasis on offering choices linked to issues
of social sustainability at the point of sale may in fact hinder the move to more sustainable
dairy cattle production (von Keyserlingk et al., 2013). Furthermore, as common practices on
cattle farms are suggested to have fallen out of step with public values (Weary and von
Keyserlingk, 2017), and with consumers ever more interested in how their food is produced
(Cembalo et al., 2016), the industry is increasingly a target for public criticism and it clearly
must do more in the provision of public goods. Of course, a key public good that is targeted
by aforementioned agricultural policy tools is the reduction of GHG emissions, which continues
to receive substantial attention in relation to cattle production due to impacts on the climate.
Climate change is one of the most pressing environmental problems facing the world. Summer
temperatures in Europe in recent decades have been the warmest for at least 2,000 years, in
fact, the six years between 2015-2020 (inclusive) are collectively the warmest years on record
for Europe, with the decade 2011-2020 also the warmest on record (Kovats et al., 2014;
Copernicus Climate Change Service, 2020; Intergovernmental Panel on Climate Change
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(IPCC), 2021). The pattern of warming is greatest in northern Europe during the winter, and in
southern Europe during the summer; a pattern that is expected to continue (Jacob et al., 2014;
European Environment Agency (EEA), 2017; IPCC, 2021).
Temperature is not the only weather variable where increases in the frequency and duration
of extreme events are expected to continue. Going forward, precipitation across Europe is
likely to be even more spatially and temporally variable than temperature (Kovats et al., 2014;
IPCC, 2021). Annual precipitation has already increased in most of northern Europe, and
decreased in most of southern Europe (EEA, 2017). This trend is likely to continue, with heavy
precipitation events becoming more frequent across Europe, and dry periods becoming longer
(Christensen et al., 2013). In northern Europe, the increased precipitation will mostly fall during
the winter, with a reduction in summer precipitation (EEA, 2017). In southern Europe, the
increasing intensity of dry periods, punctuated by heavy rainfall events will potentially lead to
soil erosion, leaching of nutrients and, in extreme cases, desertification (EEA, 2017).
In line with this, the Paris Agreement formalised a commitment to hold the increase in global
average temperature to well below 2°C above pre-industrial times, and aim to limit the increase
to 1.5°C (UNFCCC, 2015). However, without drastic cuts in global GHGs, even the 2°C limit
will be exceeded before 2050; worst-case projections currently indicate an increase of 3.35.7°C above pre-industrial times by 2100 (EEA, 2021; IPCC, 2021), which is an increase since
previous IPCC estimates (Kovats et al., 2014). These environmental considerations are driving
substantial scrutiny on cattle production systems, which are a substantial source of emissions.
Compared to all European livestock sectors, dairy has the highest annual GHG emissions,
producing a total of almost 200 Mt CO2-equivalents2 (CO2-eq); amounting to ~40% of total
GHG emission from European livestock production (Lesschen et al., 2011).
Cattle system emissions are dominated by three GHGs: methane (CH 4), nitrous oxide (N2O)
and carbon dioxide (CO2); see Figure 1.4. CH4 is emitted as a by-product of ruminant digestion,
and can be affected by feed intake and feed composition (Knapp et al., 2014). CH4 is also
emitted from manure, as is N2O, in which emissions are influenced by local environmental
conditions, cattle breed and diets, and whether manure is excreted directly to pasture or into
a manure management system (Gavrilova et al., 2019). N2O is also emitted from soils used to
produce cattle feed via denitrification and nitrification processes, where numerous local
conditions such as soil type, soil structure and drainage, and fertiliser application make these
emissions very difficult to accurately quantify (Rees et al., 2013). CO2 is emitted primarily from
burning fossil fuels, which may be via heating buildings and operating machinery and vehicles,
here emissions are affected by the intensity of the production system (Crosson et al., 2010).
CO2 is also emitted from the generation and use of electricity, since it is likely that a portion of
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A metric for the combined assessment of different GHGs into their warming potential
relative to that of CO2.
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Figure 1.4 Sources and sinks of GHGs in farm production (source: Ogle et al., 2019)

electricity will be produced using fossil fuel (Sykes et al., 2017). Finally, CO2 emissions are
linked to land-use and land-use change, however, this also provides opportunities to sequester
CO2 through appropriate land-use management (de Oliveria Silva et al., 2016).
Ongoing emissions, and their impact on the climate, are not merely a negative externality to
cattle systems; climate change will have direct effects on cattle performance and welfare. For
example, high temperatures are associated with greater incidence of heat stress in livestock,
which results from animals being unable to dissipate enough heat to maintain thermal balance.
This situation can occur because high temperatures and humidity reduce the rate at which
heat can be dissipated by an animal via evaporative cooling (Hill and Wall, 2015; Kadzere et
al., 2002). Exposure to conditions outside the thermal comfort zone (or thermo-neutral zone)
has undesirable effects across a number of measurable traits. In dairy cattle, this includes
negative effects on milk production and composition, where heat stressed individuals not only
produce lower quantities of milk (Bernabucci et al., 2014; West, 2003), but also lower quality
in terms of fat and protein contents (Bouraoui et al., 2002; Gernand et al., 2019), and with
higher somatic cell counts (Hammami et al., 2013). Further, there is clear evidence of negative
association between heat stress and non-production traits such as mastitis (Das et al., 2016;
Morse et al., 1988), mortality (Cox et al., 2016; Vitali et al., 2009), conception rate (Gernand
et al., 2019; Schüller et al., 2014), and feed intake (Gorniak et al., 2014; Hill and Wall, 2017).
All these associations, and more (Das et al., 2016; De Rensis and Scaramuzzi, 2003; Polsky
and von Keyserlingk, 2017), are even more pertinent given that, as an unintended
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consequence of breeding for increased production, high producing dairy cattle are now even
less tolerant of weather extremes, owing to a negative genetic relationship between heat
tolerance and production traits, and because high producing animals already generate higher
levels of metabolic heat (Ravagnolo and Misztal, 2000; Kadzere et al., 2002; Hill and Wall,
2015). Resultantly, continuing increases in temperature and associated increases in the
frequency and duration of extreme weather events are likely to carry substantial financial
consequences to European cattle systems, with direct production losses of UK livestock
systems expected to cost approximately £40 million (Wall et al., 2010a).
Thus, with current and projected impacts of climate change already lying significantly outside
the range of recent natural variability (Kovats et al., 2014; Luterbacher et al., 2016), the
impacts of environmental change on cattle systems will be exacerbated by the negative
externalities of the system itself. This feedback loop may further affect the social desirability
of cattle products, in terms of environmental impact and welfare implications of greater
environmental stress on cattle themselves. Not to mention the indirect effects of climate
change on crop and feed availability, and changing pathogen dynamics (Kipling et al., 2016).
Hence, it is vitally important that cattle – and cattle production systems – become more resilient
to economic, social and environmental challenges, as further impacts on sustainability are
likely (European Commission, 2017).
1.4 Resilience: definition and relationship to efficiency
The concept of resilience was first applied to biological and ecological systems by Holling
(1973). He suggested that within systems of ecology, there are various stable states, and
major perturbations are able to cause transition from one stable state to another, in this regard,
resilience is a property of a system that indicates the amount of disruption required to cause
such a transition. Therefore, resilience denotes the ability of a system to absorb challenges
through buffering mechanisms, towards the continued function of organisational components
(Friggens et al., 2017). Although the concept of resilience was originally applied to wild
ecosystems, it has recently become a focus for domestic systems, such as agricultural
systems (Colditz and Hine, 2016; Darnhofer, 2014).
Resilience is usually measured as the ability of a system to be minimally affected by
disturbances and, if they are affected, to recover quickly (Berghof et al., 2019b; Scheffer et al.,
2018). Response variables when considering resilience can relate to economic performance
(Quiédeville et al, 2019), technical performance (Poppe et al., 2020), and even behaviour and
perceptions of system stakeholders (Slijper et al., 2020), but usually denotes the variability of
the response to an external stressor. As resilience becomes more a part of standard practice
and policy, it is likely that methods of assessment will also evolve (Folke, 2016).
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Efficient production is generally measured as a function of inputs and outputs (Groen, 1989).
Efficiency can be considered in terms of any system component; traditionally there was a
strong focus on economic efficiencies, such as profit (Nielsen et al., 2006; Shrestha et al.,
2013), but recently there is growing interest in efficiencies related to other aspects of
production. For example, other well-documented variables used to evaluate efficiency in
agricultural systems are GHGs (Eory et al., 2018; Wall et al., 2014) including emissions
intensity (Gerber et al., 2011), and feed conversion (Berry and Crowley, 2013; Pryce et al.,
2014).
However, efficiency and resilience are not just considered in isolation from each other. The
interaction between efficiency and resilience has recently garnered mounting interest as
researchers begin to explore the trade-offs between the two production goals, where efficiency
is a long-standing central goal of production, but which can be affected by external factors;
hence, the promotion of resilience in production systems is crucial for continued efficiency.
For example, Puillet et al., (2016) used a dairy cow model to demonstrate that biological
functions of individual cows with high lifetime efficiency were different from those that gave a
high short-term efficiency. At the herd level, Poppe et al. (2021b) explored drivers of variation
between dairy cattle herds, finding typical efficiency characteristics such as high production
and large herd size were predictors of greater variation in herd performance. At the farm level,
Quiédeville et al. (2019) studied the interaction between efficiency and resilience on the
economic performance of dairy farms across the EU under climatic stress, and found that high
technical efficiency was not necessarily a predictor of economic stability, in fact, it may lead to
an erosion of resilience capacity and associated exposure to economic risk, which echoes
previous research by Korhonen and Seager (2008). Thus, in the long-term, it is likely that
efficiency and resilience are highly correlated, but in the short-term, it is less clear whether
potential antagonisms are so great as to prevent strategies focussed on both areas
simultaneously. This re-enforces the importance of measuring efficiency over a period that is
relevant to ensure gains are sustainable (Friggens et al., 2017).
Specifically in livestock sciences, resilience is a concept that has become increasingly
important, evident from numerous recent publications (e.g. Berghof et al., 2019b; Poppe et al.,
2021b). Here, resilience is regarded as the capacity of an animal to respond to environmental
disturbances, meaning resilience is most important in variable environmental conditions.
These environmental conditions can refer to characteristics of the production system such as
soil type and stocking density, but also to weather perturbations, which are (and will continue
to be) increasingly important due to climate change (IPCC, 2021). Figure 1.5 gives an example
of how the impact of environmental challenges on animal performance can be characterised.
In Chapters 2 and 3 of this thesis, resilience carries a broad definition, including the capacity
to moderate the impact of all challenges exemplified in Figure 1.5. This is especially true of
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Figure 1.5 A schematic of environmental factors causing challenges for a lactating dairy
cow (source: Friggens et al., 2022). The cow is represented by her lactation curve; the
horizontal axis is days in milk and the vertical axis is daily milk yield (expected curve: smooth
purple; actual curve: smooth turquoise; actual daily yield; jagged purple; perturbations:
jagged green).
Chapter 3, where the specific challenges that respondents considered were not quantified.
However, for Chapters 4 and 5, resilience carries a much narrower definition, namely the ability
of animals to moderate specific weather challenges, such as temperature, humidity and
heatwave incidences. Improved resilience can be introduced via multiple pathways, as it is the
consequence of many components across many levels of the system: see Appendix A in
Supplementary material for Chapter 1 (Kitano, 2004; ten Napel et al., 2011; Walker et al.,
2004). However, the focus of this thesis is on how resilience can be improved at the animal
level, by selection for traits or trait complexes that enable animals to absorb environmental
perturbations via buffering mechanisms that might have a behavioural or metabolic basis.
Even in temperate regions, such as those of UK livestock systems, interest in selecting
livestock for improved resilience to weather variables, such as heat stress, is already
established (Banos and Bingjie, 2022; Ramon et al., 2021; Sanchez-Molano et al., 2019). Thus,
although changing weather is not the only environmental stressor that challenges livestock
(there is also variability in pasture quality, nutrient content of feed, parasitic challenges, etc.,
and see Figure 1.5), increased research into selecting for animal-level resilience to weather
perturbations demonstrates the likelihood of a non-zero value for these traits, even in
temperate production systems.
It is clear that a systems-thinking approach is central to dealing with problematic relationships
between livestock agriculture and production circumstances, which are complexly
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interconnected (e.g. Figure 1.5). There are many modelling approaches that can help
researchers and practitioners evaluate these interactions, and their implications for production
at all levels of the system.
1.5 Rationale: modelling agricultural systems
As discussed, livestock systems involve complex interactions, feedbacks and trade-offs, so
defining effective strategies to mitigate future challenges requires a firm conceptual
understanding of the system itself. However, in exploring the system and its boundaries, direct
measurements are not always possible, either because they would be too costly, too ambitious
and/or the question regards statuses beyond observable ranges (for example, the future). In
this regard, modelling approaches offer valuable support to farm and policy-level decision
makers by enabling consideration of hypothetical scenarios and system changes, together
with analysis of observed information (Kipling et al., 2016). Models of livestock systems vary
by type and application, but can be broadly divided into empirical and process-based models
(Smith and Smith, 2007). Both approaches are widely used in agricultural modelling, spanning
pure biology to social science applications, and have specific benefits. Empirical models are
typically the simpler of the two model types, and are therefore less demanding in terms of data
and computational requirements. They ignore underlying mechanisms and processes, which
can be prohibitively problematic to model, focussing instead on conclusions based on
observed data, with high practical application. Process-based models typically focus on
representing underlying mechanisms, and so are often highly complex and computationally
demanding. They provide a means to study and understand natural processes, and are
particularly useful in impact assessments where real-world data is lacking.
Empirical models have diverse applications, including enabling the formulation and
quantification of strategies to promote efficiency and resilience in cattle production systems.
For example, by enabling the derivation of measurable genetic traits that permit the selection
of dairy cows whose daily milk yields are less perturbed by variable environmental conditions
(Elgersma et al., 2017). Or, by enabling the estimation of whole-farm GHG emissions, which
in turn facilitates the identification of farm-specific mitigation options (Sykes et al., 2017).
Applications like these are useful in assessing strategies, however, often the successful
implementation of policies depend on their likely uptake by target users. Linking back to the
examples given, in identifying resilience-related genetic traits, it may also be important to
explore how much value cattle breeders (and other system stakeholders) are likely to place
on such a trait when making their breeding decisions, which may inform how likely these target
users would be to take up a selection objective including such a trait (Martin-Collado et al.,
2018; Sy et al., 1997). Or, in the identification of farm-specific GHG mitigation options, it may
also be important to account for the perceived effectiveness of options by farm-managers,
which may inform the practicality of suggestions (Glenk et al., 2014; Jones et al., 2013). As
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such, understanding stakeholder behaviour is an important field of empirical research, and
methods designed to explore the choice-making behaviour of respondents provide a toolkit
with which researchers can investigate the perceptions and preferences of system
stakeholders. This permits quantitative comparisons of what people think versus what other
models suggest. The elicitation of preferences with respect to breeding goal formulation and
the quantification of trade-offs between traits in breeding goals that focus on promoting
resilient versus efficient production is the focus of Chapters 2 and 3 of this thesis.
Process-based models are very useful for describing a system and interactions within it,
including the way a system may react to perceived stressors. For example, by describing the
way individual dairy cows may react to climate-induced nutritional challenges, in terms of how
they may acquire energy resources and prioritise their allocation to biological functions
differently (Puillet et al., 2016). Or, by describing the response of a herd under genetic
selection to changes in management strategies, such as the effect of introducing
crossbreeding to herd performance and profitability (Dezetter et al., 2017). Of course, both of
these experiments would be prohibitively expensive to implement in the real world, and
observed data for an empirical model does not exist. But, conducting such experiments is
possible with process-based models. In Chapters 4 and 5 of this thesis, the focus is on
simulating dairy cows that are either resilient or not resilient to weather perturbations, and
subsequently to estimate the value of resilience across several metrics that span technical,
economic and environmental performances. This requires a novel approach since a model
that permits impact analysis of daily weather variables across several production and
functional traits has not yet been develop (or at least, not yet published). The traits and trait
groups that are represented in the simulation are informed partly by research in Chapters 2
and 3, as are some relationships with environmental challenges. By drawing on methods that
permit the evaluation of stakeholder preferences and impact analysis on animal performance,
this thesis provides an integrative valuation of resilience to dairy cattle production in Europe
generally and Scotland specifically.
1.6 Thesis aims and objectives
This introduction has established the important role of cattle production systems in contributing
to food security both generally within the EU and UK, and specifically within Scotland (section
1.2). It also details the likely challenges in future production circumstances (section 1.3),
together with the importance of resilience for maintaining efficient production in agricultural
systems (section 1.4). Finally, two modelling approaches are presented that offer different
lenses through which to understand the value of resilience in the context of such challenges
(section 1.5). Firstly, empirical social science-based approaches to explore behaviour and
preferences of stakeholders, and secondly, process-based modelling of individuals in a herd
to undertake impact assessments under scenarios of future production circumstances. The
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overall aim of this thesis, therefore, is to explore the value of resilience to dairy cattle
production systems in Europe, and evaluate how resilience may trade-off against efficiency
goals under future production and climatic challenges. Throughout this introduction, broad
research themes relating to this aim are defined; however, the specific research objectives of
this thesis are:
1. Conduct a comprehensive, systematic review of applied stated preference-elicitation
methodologies in the development of breeding objectives for agricultural species.
2. Utilise a consensus ranking procedure to aggregate multiple partial rankings identified
in the systematic review, for the most commonly studied species: cattle.
a. Develop and distribute an open-source software tool to aggregate multiple
partial rankings, for future researchers.
3. Introduce, in the field of animal breeding, a novel stated preference-elicitation method,
applied to dairy system stakeholders to explore potential trade-offs and synergisms of
dairy traits under selection, conditional on whether the breeding goal is resilience
versus efficiency.
4. Create and describe a novel stochastic, dynamic, multi-trait, mechanistic, individualbased simulation model, to evaluate the technical, financial and environmental
performance of a herd under selection, and, further, that is able to evaluate these
output metrics under meaningful scenarios of future climate while accounting for
impacts to production and functional traits.
5. Use scenario-analysis to illustrate how the aforementioned simulation model produces
different technical, financial and environmental results dependent on whether known
weather-driven phenotypic plasticity is explicitly accounted for in the model framework.
Figure 1.6 is a visualisation of the structure of the thesis and how the coming chapters
contribute these objectives.
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Figure 1.6 Flowchart to demonstrate the organisation of the thesis and how chapters are
linked to each other and to the objectives (Obj.) of the thesis.
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Preference elicitation methods for
appropriate breeding objectives: a
systematic review
This Chapter is now published as:
Burns, J., Butler, A., Eory, V., Simm, G., Wall, E. (2022), Review: Preference elicitation
methods for appropriate breeding objectives. Animal: The International Journal of Animal
Biosciences. 16, 100053

2.1 Abstract
Breeding objectives of livestock and other agricultural species are usually profit maximising.
The selection emphasis placed on specific traits to achieve a breeding objective is often
informed by the financial value of a trait to a farm system. However, there are alternative, and
complementary, approaches to defining both the breeding objective and the selection
emphasis placed on traits that are included in associated selection tools. These are based on
the preferences of stakeholders, which are often heterogeneous and include broader values
and motivations than profit. In this regard, stated preference methods are useful when
considering traits that have either no discernible market value, or whose value is not fully
transferred via the market. Such approaches can guide more appropriate breeding decisions
that are amenable to changing societal values, for example with reduced negative
environmental externalities. However, while stated preference methods offer promising
conceptualisations of value in genetic improvement programs, there is still a substantial
knowledge gap in terms of the current state of research and a catalogue of publications to
date. This paper reviews publications of stated preference approaches in the field of livestock
breeding (and some relevant crop breeding examples), providing a knowledge-base of
published applications and promoting their continued development and implementation
towards the formulation of appropriate breeding objectives and selection indices. A systematic
review of 84 peer-reviewed publications and an aggregate ranking of traits for the most
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commonly studied subject (cattle) reveals uncertainty in preference estimates which may be
driven by (i) a diverse set of non-standardised methodologies, (ii) common oversights in the
selection, inclusion and description of traits, and (iii) inaccurate representations of the
respondent population. We discuss key considerations to help overcome these limitations,
including avoiding methodological confinement to a disciplinary silo and reducing complexity
so that the values of broader respondent groups may be accounted for.
This Chapter provides a strong foundation for the application of a preference-elicitation
approach with cattle system stakeholders, presented in Chapter 3.
2.2 Introduction
Historically, anthropocentric genetic selection has directed the evolution of livestock, and other
agricultural species, primarily to meet the needs of contemporary human societies (Lawrence
and Wall, 2014). In the high-income country context, livestock are predominantly valued in
economic terms, not as a good themselves but on their performance according to a set of
underlying desirable characteristics, which exhibit quantifiable monetary value (Cole and
VanRaden, 2017). Thus, in developed agricultural systems, the main driver of genetic
improvement and future genetic options is economic efficiency. However, the needs of society
are evolving, partly driven by a desire to reduce the negative externalities of agricultural
production (Fuerst-Waltl et al., 2016; Gamborg and Sandøe, 2005), given the projected global
increase in population, urbanisation and associated increasing consumption of animal
products (Godfray et al., 2010; Garnett, 2015; Seto and Ramankutty, 2016). As such, the value
of a breeding decision may not be sufficiently described by selection tools that optimise
economic efficiency alone. In this regard, there is growing interest in valuation methods based
on an expanded utility framework, inclusive of the plural values that, when combined, may
better describe the overall benefit of a given genetic improvement, thus facilitating the
incorporation of both self and societal interests into breeding objectives (Chouinard et al., 2008;
Wall et al., 2010b; Gizaw et al., 2018).
The definition of the breeding objective is one of the most important steps in the development
of an effective breeding program. The combination of traits that constitute the most desirable
characteristics of a subject under selection in terms of the breeding objective is the aggregate
genotype. In order to maximise selection on the aggregate genotype towards achieving the
breeding objective, selection indices are formulated. For traits to be included in a selection
index, they must exhibit three qualities: (i) there must be variation in the observable
characteristics of the trait across the population (phenotypic variation), (ii) a proportion of that
variation must be attributable to genetic differences (heritability), and (iii) it must be possible
to record the trait performance in a cost-effective, reliable and consistent manner. For traits
that meet these requirements, estimates of phenotypic and genetic correlations (with other
traits) are also required, along with the economic consequence of improving a trait to a farm
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system, relative to other trait improvements (known as partial economic weights). Normative
methods, such as profit equations or bioeconomic models (Simm et al., 2021), are used to
calculate partial derivatives with respect to each trait, which is the economic value (EV) of
each trait holding all others constant and avoiding double counting (e.g. as if changed milk
yield is not accompanied by changed milk quality). The EVs are key determinants of selection
emphasis between traits in the selection index, but – by design – are often based on short
term market forces. In practice, there is often an additional step where EVs are adjusted to
reflect desired improvements of the breeding organisation, which might include, for example,
ethical consideration of the response to purely economic selection. This step is more in
keeping with established knowledge that stakeholders, such as farmers, are not always profit
maximising. However, this step is often not transparent, with few publications detailing the
specific process (e.g. Fuerst-Watl et al., 2016), and anecdotal evidence suggesting it is not
always systematic. Despite this, conventional approaches to formulating selection indices
make it problematic to disentangle profit maximisation from the breeding objective, where the
important question usually becomes who to maximise profit for (farmer, public, state, etc.);
less often considered is whether there are other important objective functions.
Generally, this approach to selection has resulted in enormous increases in agricultural
production and efficiency for almost 80-years, with many significant changes being achieved
in a range of financially lucrative traits such as growth rate, quality and quantity of product (Hill,
2016; Tester and Langridge, 2010; Miglior et al., 2017). However, as the sophistication of
selection methods has developed, so too has the understanding of value. Consequently, for
most agricultural species, and particularly livestock, traits of interest that comprise respective
selection indices have changed greatly since inception.
Taking dairy cattle as an example, strong initial emphasis was placed on selecting for traits
with direct monetary value, such as milk yield and milk composition, with little regard for nonyield traits (Rauw et al., 1998). However, correlated decline in performance of functional traits
(non-yield traits such as health and reproductive performance) ultimately shifted this
production focus to indices that were more balanced for production and other economicallyimportant functional traits (Miglior et al., 2017; Shook, 2006). In many cases, functional traits
now constitute more than half of the total selection emphasis of dairy cattle selection indices,
mostly due to the belated acknowledgement of value for such traits (Bell et al., 2011; Miglior
et al., 2017). Yet, the traditional profit-motive of the breeding objective still acts as a barrier to
appropriate inclusion of other traits whose value is not reflected in, or only partly transferred
via, the market, regardless of practical importance, an example being methane emissions
(Wall et al., 2010b; Haskell et al., 2014), or any trait for which the value of its improvement to
producers (and consumers) is greater than its financial value alone. Undervaluing or excluding
difficult-to-value traits risks correlated decline in societally-important phenotypes, obstructing
the attainment of non-market value to producers and consumers (Rauw et al., 1998).
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Researchers in both academic and industry settings are increasingly seeking more systematic
approaches to engage with farmers and other stakeholders. The purpose of such engagement
is to reduce the risk of overlooking, undervaluing and, potentially deteriorating traits that may
contribute to the long-term profitability, overall efficiency and/or resilience of future production
systems. In this way, they seek to complement, not preclude, conventional formulation of
selection indices by facilitating the designation of more representative trait values. The values
of stakeholders can be elicited using stated or revealed preference techniques, with which
utility functions are estimated based on hypothetical or actual behaviours, respectively.
Revealed preference techniques, such as hedonic valuation can be used to determine the
implicit value of observed traits in present value terms, by regressing market data on trait
performance. Although such methods avoid the risk of hypothetical bias, which is a common
criticism of stated preference approaches (Fifer et al., 2014), revealed preference techniques
suffer from a number of disadvantages, including difficulty in extrapolating results outside of
the specific production and market environments for which data are available, difficulty eliciting
preference for unobserved traits, and collinearity impeding the isolation of factors affecting
choice (Melton et al., 1994; Amer and Fox, 1995). In order to focus on approaches that give
optimal flexibility in eliciting stakeholder preference for both conventional and novel traits in
diverse production and market environments, this Chapter will review the application of stated
preference methods that are designed for both ex-situ and in-situ utilisation.
Of course, the additional benefit of more accurately accounting for stakeholder preference, by
utilising such approaches in the formulation of breeding objectives, is the potential for
increased uptake of resulting selection tools, as they become more relevant to the values and
motivations of the target population (Nielsen et al., 2014; Martin-Collado et al., 2017). Who the
target population, and stakeholder, is may be a point of debate in the wider context of
agricultural systems, but in terms of breeding objective design, particularly in the valuation of
trait improvements, this usually refers to pre-farm-gate actors, as consumers usually influence
production indirectly, via market mechanisms.
Despite growing interest in the application of such methods, there is no comprehensive,
systematic review of the current state of research, nor a thorough summary of promising
methodologies, potential improvements, and recommendations for future research. We
address this knowledge gap by firstly describing the range, sophistication and frequency of
utilised methods (section 2.4). Secondly, we discuss the selection and inclusion of traits into
the experimental design, and accounting for preference heterogeneity (section 2.5). Finally,
we briefly outline some available methods for incorporating elicited preferences into the
breeding objective and associated selection tools and share some notable, relevant
implementations of preference-based approaches into policy (section 2.6). To present our
findings, we use the context of uncertainty in preference estimation, demonstrated using a
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Figure 2.1 Flow diagram depicting search process, following Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA) recommendations (Moher et al., 2009).

Table 2.1 PICO components of the review aim, and example elements of the utilised
search string. The full search string can be found in Appendix A (SM2).
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consensus ranking of cattle traits (section 2.5), which capitalises on multiple partial rankings
identified in this systematic review. Specifics of our approach are outline in section 2.3.
2.3 Method
An adapted Population, Intervention, Comparator, Outcome (PICO) approach was followed to
develop search strings for use in web search engines and databases of academic literature.
The PICO framework is a widely used, structured approach in conducting systematic literature
reviews (Petticrew and Roberts, 2006). In particular, the PICO approach is useful in
deconstructing project aims into components that best represent the scope of the review. As
can be seen in Table 2.1, search strings comprising many keys terms, related to each of the
PICO components, were combined using the Boolean operators OR and AND, within and
between groups, respectively. The full search string is provided as Appendix A in
Supplementary Material for Chapter 2 (herein, SM2). This search string was subsequently
applied to the academic databases Web of Knowledge and Scopus. Additionally, a modified
string was applied to Google Scholar and the web search engine Google, which targeted grey
literature, conference proceedings and PhD theses not returned in academic database
searches (a modified string was required due to restrictions on complexity of searches by
Google). Only English language publications were included due to limitations on resources;
no limits were set on publication date.
The search was implemented during June 2018; Web of Science generated 266 hits and
Scopus returned 280. The first 5-pages of Google Scholar and Google returned 50 hits each.
Of all 646 hits, 214 were deemed relevant based on title, key words and abstract. Following
removal of duplicates (-86), 138 papers remained for full text review. Full text review resulted
in the removal of a further 65 papers. During full-text review, reference lists were pearled for
relevant papers missed by the search strategy; this resulted in an additional 11 papers,
bringing the total to 84 papers, see Error! Reference source not found.Figure 2.1. A
separate reference list of included papers is provided as Appendix B (SM2). On considering
literature for inclusion, strict criteria were applied at all stages of the search process, outlined
in Table 2.2.
2.4 Current state of research
The current review reveals increasing interest over the past three decades in deriving
stakeholder preference for the formulation of more appropriate agricultural breeding objectives.
Our systematic search returned 84 examples of the use of such methods, with sample size
ranging from 9 – 1371 respondents (median: 166). Beginning with the first application in 1989,
few articles (6%) were published before the year 2000, with almost two-thirds (63%) published
from 2010 – 2018. Coinciding with this increasing use, we found included studies are also
widely published, with 34 different journals represented. Mostly, these journals fall under the
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disciplines of biological science (45%), resource economics (24%) and rural development
(12%), however, most journals cover more than one discipline (per categories defined in the
Scopus database).
The subject of study was not a criterion in the selection of literature. The majority of articles
focused on cattle (43%), small ruminants (23%), and crops and forage (12%). Studies
regarding non-livestock agricultural species that met the inclusion criteria were included as the
methods are still useful towards the objectives of this review. More unusual subjects such as
trout, bees and llama also featured, demonstrating the breadth of application of such methods.
Furthermore, although the majority of articles investigate preferences in lower-income
countries, there is increasing application in high-income countries; for example, before 2010,
few studies (13%) emanated from European countries, but after 2010 this proportion increased
substantially (23%).
Of all reviewed literature, 560 articles, the most common reasons for exclusion were that
articles used methods that could only be used in-situ or used revealed preference methods,
for example, where stakeholders perform a live phenotypic ranking exercise, selecting the best
examples of a subject, either from their own stock, at a research station, or in a market setting
(for examples, see Ndumu et al., 2008; Gizaw et al., 2011; Nandolo et al., 2016) or by using
historic sales data in a hedonic valuation approach (for examples, see Jabbar, 1998;
Walburger, 2002). Another common reason for exclusion was that articles did not provide
quantitative data on stakeholder preferences – for example, in qualitative, participatory
approaches (this was particularly common in crop-based research) – or instead utilised bioeconomic modelling alone, following a more traditional approach to deriving selection criteria
according to market conditions.
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2.4.1 Breadth of approaches
Across the reviewed literature, methods can be broadly grouped into seven categories; Delphi
approaches, choice-based approaches (including discrete choice experiments and conjoint
analyses), contingent valuation, proportional piling, ranking exercises, ordinal scaling/scoring,
and approaches based on frequency of mentions. For all included literature, this categorisation
is tabulated in Table 2.3. Between these categories, and sometimes within, methods vary
widely in terms of novelty and complexity. From highly simplified approaches that are largely
descriptive and present aggregate preferences of all respondents based on the total number
of times a given trait is identified as preferable (e.g. Jaitner et al., 2001), to more sophisticated
approaches that use innovative software and analyses, together with recognising potential
sources of preference heterogeneity between respondent groups (e.g. Byrne et al., 2012). Yet,
the sophistication of the employed method does not appear to be linked to the chronology,
with moderately complex Delphi and choice-based approaches utilised from the out-set. A
detailed description of each article is beyond the scope of the current review, however, in
Table 2.4 we provide a case study on a subset of articles that collectively characterise the
breadth of methods currently utilised in the field, including some notable advances, and in the
following subsections we provide an overview of applied methods, according to the previouslydefined categories. Methods based on frequency of mentions will not be discussed in any
detail, however, as we believed this highly simplified approach cannot provide practical insight
into preference that could be defensibly utilised. With this approach, the relative importance of
traits is derived as a product of the number of times a trait is mentioned by respondents, usually
in an open-response format. We find this particularly problematic in cases where frequency of

Table 2.2 Inclusion criteria of reviewed literature
Inclusion criteria
Must be peer reviewed (e.g. journal articles, PhD thesis, conference proceedings)
Must consider the preference of stakeholders for attributes of an agricultural species
Traits considered must substantially include those that could be included in a within-breed breeding
objective
Must be a stated preference approach that can be applied both in situ and ex situ.
Must present the real-world application of a method for eliciting preference of stakeholders
Unambiguous method, with clear explanation of sampling approach, sample size and statistical
approach

mentions are weighted according to the order of mentions (as in Bebe et al., 2003).
2.4.1.1 Delphi approach
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The Delphi approach of Wheeler and Corbett (1989) was the first formal attempt to elicit
stakeholder preference for breeding goal traits. In this case, the approach was utilised in the
identification and evaluation of pasture traits with higher feed value to livestock. Authors
compel respondents to converge on a consensus decision, through an iterative process of
anonymous deliberation. The Delphi approach is based on the assumption that the majority
view of experts is the most reliable, where the deliberation of several people is less likely to
produce an incorrect conclusion than that of a single individual (Hasson et al., 2000). For all
three articles using the Delphi approach, sample size ranged from 18-65 respondents, and
they were selected purposively by the researchers (or a project advisory group) as technical
experts and supply-chain experts based on their knowledge, expertise and interests in the
issue under study. For these respondents, the remote manner of engagement and the
anonymity of deliberation confers the added advantage of freedom from the influence of
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dominant, high status or repetitious individuals (Henchion et al., 2016; Wheeler and Corbett,
1989).
The iterative nature of the Delphi approach is central to the validity of the method, in which
initial responses are challenged through group deliberation, and subsequent responses are
enhanced with reasoned argument until consensus, or near consensus, is achieved. For
example, Wheeler and Corbett (1989) guide respondents through three rounds of deliberation,
in which respondents first rank a given set of pasture traits with the opportunity to suggest
additional traits for inclusion, and, in subsequent rounds, respondents receive statistics on
collated rankings together with a summary of justifications from fellow respondents, at which
point respondents could re-rank traits and the process is repeated. In the case of Henchion et
al. (2016), respondents deliberate over the rating of traits, not the ranking. The deliberative
aspect of the Delphi approach is a substantial benefit over other methods, this may be
especially important for traits with high societal value, in which participants have the
opportunity and freedom to articulate this value to others and, importantly, to have such value
articulated to them, by others.
However, the pressure on respondents to converge on a consensus decision can also
undermine the validity of the method. Researchers should be aware of the possibility that no
consensus actually exists between participants, and so be prepared for multimodal consensus
that indicate intractable differences. This risk can be mitigated to some extent by the
appropriate selection of knowledgeable experts, although, without standardised practices for
dealing with heterogeneous responses and for determining when consensus is reached, there
is a potential that subjectivity of researchers may introduce bias; for example Wheeler and
Corbett (1989) and Smith et al. (1997) use three rounds of deliberation, whereas Henchion et
al. (2016) advocate a “largely pragmatic” approach, leading to an ad-hoc decision to conclude
the process after just two rounds.
For future research, it is notable that statistical measures of convergence and consensus
between respondents do exist, including Wilcoxon signal rank test and Kendall’s W, reviewed
fully in de Meyrick (2003). Together with stability within individual respondents across
iterations, which may be used to estimate uncertainty in the resulting consensus (de Meyrick,
2003). In terms of links to other methods, the Delphi approach certainly offers a useful heuristic
device for robustly short-listing traits for subsequent application (Hasson et al., 2000), an
important step in any method, and discussed in more detail later.
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2.4.1.2 Choice-based approaches
The category of choice-based approaches represents the most varied and numerous
methodological grouping in this review (37%). This grouping comprises many multi-attribute
valuation techniques to derive the relative utility of a set of underlying traits, consistent with
Lancaster’s theory of consumer economics (Lancaster, 1966). The optional inclusion of a
monetary attribute can be used to translate relative utility into monetary terms, Table 2.3
disaggregates articles accordingly. Here, the first use of a choice-based approach was by Sy
et al. (1997) and Baidu-Forson et al. (1997). These articles outline discrete choice experiments
(DCEs) to evaluate stakeholder preference for traits in the breeding objectives of Canadian
beef cattle and Nigerien peanuts, respectively. Authors of both articles recognised that the
market price of the commodity under evaluation was a proxy for the cumulative value of a
bundle of genetic traits that define said commodity, and that stakeholders may place variable
value on genetic traits independent of the wider market. In these articles, stakeholders are
farmers.
Similar to real-world decision-making, respondents are presented with a reasonably
straightforward task, in which a series of choices are made over hypothetical alternatives (or,
choice sets), defined according to a set of traits, sometimes with different levels (see Figure
2.2). Partly owing to the ease of engagement with producers, processors and consumers alike,
these approaches have become the most popular option over the past two decades. However,
one disadvantage of choice-based approaches is, effectively, a limitation on the number of
traits that can define a commodity, without risking decision fatigue with an overwhelming
number of choice sets or traits per profile (Ragkos and Abas, 2014; Sae-Lim et al., 2012; Tano
et al., 2003). This limitation is a product of the factorial experimental design that enables the
derivation of precise utility estimates, but produces increasingly large and overwhelming
choice sets. Efficiency can be improved using fractional or block designs, however researchers

Figure 2.2 Examples of choice tasks from studies using (clockwise from left) a discrete
choice experiment (Siddo et al., 2015), analytic hierarchy procedure (Sae-Lim et al., 2012),
and a partial profile choice experiment (Byrne et al., 2012).
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are then restricted to specific combinations of traits and levels, in order to prevent trade-offs
between balance, orthogonality and, in consequence, accuracy (Mangham et al., 2009). This
drawback is exemplified in Sy et al. (1997), where authors must reduce an initial set of 18 traits
of interest, to just 6 traits in the final experimental design. Notably, the perceived impact of
number of choice-sets on model estimates and variance is largely driven by social exchange
theory and early empirical work by Bradley and Daly (1994), despite more recent research
based on contemporary practices in survey design and implementation, finding no strong
effect of increasing number of choice-sets on indicators of cognitive burden such as response
rate, choice heuristics and choice variation (Bech et al., 2011; Watson et al., 2017), which
suggests this concern is overstated.
Despite this evidence, prevailing concerns for respondent fatigue, see some authors using
adaptive choice-based conjoint analysis, and some authors increasing the number of
observations per choice set. With adaptive choice-based conjoint analysis, the number of
choices presented to respondents is minimised by methods that identify implicit choices as
corollaries of explicit choices, such as the PAPRIKA method used by Smith and Fennessy
(2011), which follows the logical property of transitivity (Hansen and Ombler, 2009). Where
this approach is used, there is a clear advantage in the number of traits that can be evaluated
over traditional DCEs (Byrne et al., 2012; Martin-Collado et al., 2015; Slagboom et al., 2016b;
Smith and Fennessy, 2011). Adaptive choice-based conjoint analyses often use partial profiles,
where only a subset of traits are presented per profile, which can further reduce the cognitive
burden on respondents and variance of estimates (Nielsen and Amer, 2007). Similarly, the
choice-based analytic hierarchy approach (AHP) capitalises on cognitively undemanding
pairwise comparisons (Kariuki et al., 2017; Omasaki et al., 2016; Sae-Lim et al., 2012). The
benefit of reducing the cognitive burden on respondents is to reduce unwanted consequences
of complex decision-making and associated strategies employed by respondents to deal with
it. These include attribute non-attendance, where respondents ignore one or more attributes,
and recognition heuristics, where respondents place a higher value on the attributes they are
already familiar with. Therefore, although experiments that describe each choice according to
a more comprehensive set of traits (such as Tano et al., 2003) might better mimic real-life
trade-offs encountered by stakeholders, a more precise estimation of preferences is likely with
simplified choices (such as Omasaki et al., 2016); a broad discussion of consequences and
strategies is presented in Martin-Collado et al. (2018).
Aside from adaptive choice-based conjoint analysis and AHP, some authors increase the
number of observations per choice set, enabling the collection of more data without substantial
modifications to the traditional DCE approach, achieved by focusing on the non-chosen
alternatives. For example, Zander and Ducker (2008) use a choice ranking approach, in which
respondents rank sets of 3-alternatives, thus tripling the observations per choice set. Future
research may capitalise on additional novel opportunities to generate more precise preference
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information relative to traditional DCE approaches, such as that offered by the best-worst
scaling approach (Louviere et al, 2015), or more flexible econometric specifications (Scarpa
et al., 2020).
2.4.1.3 Contingent valuation
Generally, the contingent valuation method is a popular econometric tool, given its usefulness
in measuring value under hypothetical market conditions. However, in the current field the tool
is somewhat under-utilised (see Table 2.3). In the featured articles, the main difference in the
structure of contingent valuation compared with choice-based approaches is that respondents
are asked directly for their willingness to pay for improvements in identified traits, as oppose
to deriving robust estimates of marginal trait values. Specifically, in von Rohr et al. (1999), a
group of Swiss pig-meat quality experts were tasked with identifying the value of eight pigmeat quality traits, in order that traits might be weighted more appropriately, inclusive of
anticipated future market conditions.
The validity of the contingent valuation approach relies on two conditions. Firstly, the
respondents must be familiar with the subject being valued, and secondly, the respondents
must have had prior valuation and choice experience with respect to different levels of the
commodity (Cummings et al. 1986). In the case of von Rohr et al. (1999), respondents were
experts of the nine largest meat-processing companies in Switzerland that collectively
processed 53% of slaughtered pigs, nationally. Thus, knowledge of, and experience trading
with, different quality classes of pig-meat meant the prior conditions were satisfied.
Respondents were asked for the price change attributable to a number of imagined pig
carcasses with quality defined in terms of a single meat quality trait, with all other traits
assumed to be at the population mean. This procedure was repeated for eight traits under
hypothetical future market conditions, however, the specific experimental design was
ambiguous, with important omissions such as the number of hypothetical valuations each
respondent made and whether or not respondents were specifically instructed to ignore known
genetic correlations between traits.
An alternative approach by Edel and Dempfle (2004) saw respondents first asked for a total
value increase between a commodity representing the mean of all traits under evaluation, and
a commodity representing an improvement in all traits under question. Respondents
subsequently allocated the total value difference between the two carcasses to all traits of
interest. This re-enforced the concept that the value of individual traits must be a subset of the
overall value, leading to substantially less variation than derived in the results of von Rohr et
al. (1999).
However, the hypothetical nature of contingent valuation approaches, explored in Olesen et
al. (1999), leaves researchers vulnerable to biased results, which can be difficult to control
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effectively. For example, hypothetical bias in the case of von Rohr et al. (1999) may influence
the value respondents place on novel traits that are traded on theoretical future markets.
Additionally, respondents are representatives of the majority processors of Swiss pig-meat,
and so may have a strategic motivation in their respective valuations. Future research may
also seek to draw on different question formats, other than open-ended format as used here,
that may increase statistical efficiency (for an overview, see Pearce et al., 2003).
2.4.1.4 Proportional piling
The proportional piling approach is a tool that encourages respondents to directly consider not
just the order of importance of traits, but also how much more important each trait is compared
to all others. As with contingent valuation, and unlike choice-based approaches, utility is not
considered a latent construct, but is elicited directly as respondents distribute a given number
of points between a given set of traits. Proportional piling is useful in contexts where
respondents may be less familiar with quantifying the importance of genetic traits, and the
distribution of physical objects (usually pebbles or dried beans) or points, between given
categories can help clarify the problem (Gizaw et al., 2018). Distinct from ordinal approaches,
such as ranking, rating and scaling, the outputs are numerically meaningful and are easily
converted into estimates that include both an order of preference between a given set of traits
and a useable measure of distance. As a visual assessment tool, the approach is inclusive of
illiterate respondents, and was popularised in the lower-income country context, however,
there has been growing interest in high-income countries, where researchers have expanded
the capabilities of the method in the context of livestock breeding.
The first use of the method towards quantifying preferences in the current context was by van
Engelsdorp and Otis (2000) in the derivation of a preference-based selection index for honey
bee producers in Ontario, Canada. The weights obtained from the proportional piling approach
directly informed the formulation of a modified selection index. Their index is modified because
it disregards genetic correlations in the conventional sense, due to issues of complexity in
deriving such parameters for the target population. As van Engelsdorp and Otis (2000) were
probably aware, if respondents were expected to consider them in their decision-making
process, it would introduce substantial complexity to the process. In any case, it is usually
good practice to make clear to participants that the onus is certainly not on them to account
for such correlated effects, which would invariably lead to inaccuracies. Not only this, but in
studies where such genetic parameters are known, researchers risk double counting if
participants implicitly account for known correlations in their decision-making process (Nielsen
and Amer, 2007).
Another way around this, devised by Ahlman et al. (2014) and applied to Swedish dairy
producers, and later to Swedish pig producers by Wallenbeck et al. (2016), involves a three
stage, iterative expansion of the proportional piling approach. In the first step, respondents
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ranked 15 breeding objective traits. Secondly, respondents distributed 100-points between
their top five ranked traits, as selection weights. Respondents could then simulate the longerterm selection response of their decision, which included the correlated response of all 15original traits. Respondents iterated over the second and final step until they settled on an
ultimate set of weights. Unlike any other methodological innovation presented here, this
approach allowed respondents to observe the genetic consequence of their selection
preferences, including on societally important, novel traits, such as methane emissions.
It is notable that the application of the proportional piling tool in the current field consistently
regards the scoring as the ultimate end-point, with researchers so far failing to capitalise on
the qualitative aspect of the method, in which respondents would typically describe and explain
their decisions and trade-offs in real time. Including this additional qualitative component may
advance insight into the complexity of the decision-making process, which is highlighted as a
substantial knowledge gap by Martin-Collado et al. (2018). For traits with high societal value,
it may also give respondents the freedom to advance discussion on their importance.
2.4.1.5 Ranking
Ranking-based methodologies are the second most common group of approaches in the
reviewed articles. This category is often associated with articles that seek to classify
production systems more generally, with breeding objectives explored as one of many system
characteristics. Articles in this category mostly use simple ranking exercises, the output of
which is a list of traits, ordered according to importance. Ordinal data, such as this, should be
analysed accordingly, however, in the reviewed articles, this is almost never the case, with
researchers applying problematic assumptions in their analysis, as will be discussed, leading
to inadequate and, sometimes, inappropriate investigation of stakeholder preference.
The analytic approach of Bett et al. (2009), in which an index of overall rank position is
calculated and weighted according to the number of times each trait is ranked in 1 st, 2nd and
3rd position, was popularised in numerous subsequent studies (Mbuku et al., 2010; Getachew
et al., 2010, 2011; Bett et al., 2011; Okeno, 2011; Desta et al., 2011; Duguma et al., 2011;
Edea et al., 2012; Ilatsia et al., 2012; Kugonza et al., 2012; Nigussie et al., 2013; Bayou et al.,
2014; Misganaw et al., 2014; Tadesse et al., 2014; Mbuthia et al., 2015; Onzima et al., 2018).
Although Bett et al. (2009) utilise a non-parametric analysis in deriving correlation of
preference rankings between traits, the initial weighted rank assumes the rank position as a
numeric variable, with questionable results: see Table 2.4. By not utilising a more appropriate
analysis, such as a distance-based metric (e.g. Spearman’s foot-rule) or one based on
minimum violations (e.g. that featured in the rank aggregation analysis presented later in this
Chapter), researchers are assuming that the distance between each ranked item is equal, and
thus, that more information is contained in the ranking than there actually is. Failure to respect
the properties of the data should be accompanied by some justification, which is not given.
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Table 2.4 An extract from Bett et al. (2009). The column named “Index” gives a score
derived from their analytic approach. The index score suggests growth rate and fertility are
equally valued by respondents, and body size is the lesser valued trait. That is, despite the
subjective judgement suggesting the ordering might be better represented as milk yield >
body size > fertility > growth rate.
Trait

Ranked 1st

Ranked 2nd

Ranked 3rd

Sum

Index

Milk yield

65

13

6

86

0.338

Growth rate

3

19

39

61

0.120

Fertility

9

25

35

69

0.120

Body size

12

42

10

54

0.119

An exception to the use of simple ranking-based approaches is Makokha et al. (2007), who
present a discrete ranking procedure based on a block design, where respondents were
required to rank a single set of five animal profiles, differentiated on 4-traits (including a
monetary attribute). Authors could then reliably estimate the trade-offs respondents were
willing to make between traits associated with indigenous and high-producing dairy cows, such
as between disease resistance and milk yield, respectively. As explained earlier, the limitation
here is in the number of traits that can be included, while limiting the undesirable effects of
decision fatigue on respondents.
Simple ranking-based approaches are not likely to a give useful or reliable description of
stakeholder trait preferences. Primarily because rank data are unstable and do not give an
indication of uncertainty without appropriate analysis (more on this later), and because this
approach is not commensurate to the provision of scaled values that are required for the
formulation of selection tools. However, they may still be useful for characterising breeding
objectives more generally, or as a preliminary step as part of a wider experimental design. In
light of this. future research that still considers the use of these approaches should carefully
consider the analytic procedure, and the considerable strengthening of conclusions that is
achievable with minor methodological modifications; for example, following an appropriate
rank aggregation procedure, such as a distance-based approaches using (e.g.) Spearman’s
foot-rule distance or Kemeny optimal aggregation (for example the procedure outlined in
Appendix C SM2 - discussed later - or see Lin, 2010), over the potentially problematic
approach presented by Bett et al. (2009) that has become popular in this field.
2.4.1.6 Rating, scoring and scaling
As with ranking-based approaches, methods that require the rating, scoring or scaling of
breeding goal traits force respondents to make decisions that are not typical of real-life
situations, nor can they provide scaled valuations required for preferences to be included
directly into a selection tool. Despite this, as with ranking-based approaches, they may still be
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useful for characterising breeding objectives more generally, or as an initial step as part of a
wider experimental design. The specific drawback with methods based on rating, scoring and
scaling being that respondents are not required to make any trade-offs between traits, it being
possible to rate, score or scale all traits under evaluation with maximal importance, despite
there being an explicit trade-off between the number of included traits and the rate of genetic
improvement in the formulation of real-world selection tools. The issue here being that
respondents may be inadvertently incentivised to designate all traits as highly important, thus
preventing researchers from deriving useful information regarding relative preference, evident
in Henchion et al. (2016). This is contrary to comparable approaches such as ranking and
proportional piling, which force respondents to consider the relative importance of given traits.
Thus, consideration must be given to the potential for such exercises to become a wish list for
respondents, rather than having a realistic application.
Additionally, as with ranking, data obtained from rating, scoring and scaling approaches are
often ordinal, meaning statistics that treat data as numeric such as averages and standard
deviations (found in Rozzi et al., 2007; Ejlertsen et al., 2012; Marshall et al., 2016), can be
inappropriate. For this reason, researchers should remain cautious that, if parametric statistics
are to be utilised in the analysis, the underlying concept of any rating, scoring or scaling
procedure must be continuous, with some indication of equidistance between subdivisions
(Jamieson, 2004).
2.5 Cross-cutting issues
It is important to note that researchers in agricultural breeding communities are only just
beginning to scratch the surface with stated preference approaches, and researchers must
avoid confining themselves to a limited disciplinary silo. These tools have been already
routinely applied in other contexts, for example Delphi approach in the healthcare field (de
Meyrick, 2003), choice-based approaches in environmental valuation (Mariel et al., 2021), and
the contingent valuation approach in sustainable development (Stigka et al., 2014); in these
fields it is typical that no market value exists for goods under study. Therefore, it is important
to emphasise the broader literature in order that researchers in the current field do not lag
behind or miss conceptual improvements and increasingly sophisticated approaches in other
policy relevant contexts. However, it is critical to note that for the development of selection
tools, scaled valuations are required, and not all methods covered herein can provide this (e.g.
ranking, rating, scoring, scaling). However, these methods can still play an important role in
characterising a breeding objective or as preliminary steps in a larger experimental design.
Reviewed studies also stated manifold aims. The majority of articles utilise preferenceelicitation methods as part of a wider attempt to characterise production systems, and to define
the value of traits, inclusive of non-monetary value. However, in addition to this, some articles
aimed: (i) to prove the usefulness of as-yet untested preference elicitation methods (Smith and
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Fennessy, 2011; Sae-Lim et al., 2012), (ii) to understand preference heterogeneity between
different segments of industry stakeholders (Sy et al., 1997; Rozzi et al., 2007), (iii) to value
novel traits based on their perceived importance relative to traits of known value (Steininger
et al., 2012; Just et al., 2018), and (iv) to evaluate the explanatory power of environmental and
production factors on stakeholder breeding objective traits (Muchadeyi et al., 2009; Traoré et
al., 2017).
With diverse methodologies and numerous aims, there may be differences in the value of traits
derived between studies. To explore the extent of this uncertainty, we used a rank aggregation
procedure for the most commonly studied subject: cattle. The rank aggregation procedure is
described fully in Appendix C (SM2), but, in brief involved harmonising trait names across
studies; recording the relative importance assigned to traits in each study as an ordinal ranking;
and quantifying uncertainty in the rank position of each trait across the multiple partial rankings
in which it appears (partial because no single study described preferences for all traits found
across all studies). Figure 2.3 depicts the aggregation of 65 rankings across 24 studies for (a)
cattle in high-income dairy systems (14 traits) and (b) lower-income dual-purpose systems (13
traits), respectively. Differences in breeding objectives are clear between respondents
represented in Fig. 3(a) and 3(b); for example, longevity is amongst the highest rated traits in
3(a), but it is amongst the lowest in 3(b). In 3(b), milk yield is instead amongst the highest, but
this trait appears in the mid-ranks in 3(a). There is also a difference in the ranks of type traits,
which appear more favoured in 3(b). The differences in some traits between the figures, and
also within the figures (evident from the wide confidence intervals of rank positions) are
indicative of response heterogeneity. If these results regarded the same breed, they might
indicate some GxE interaction, for example, where longevity is perceived as less of an issue
in the production circumstances of 3(b) than those in 3(a). However, the aggregated rankings
use a diversity of breeds, so more likely this indicates different characteristics of predominant
breeds in the production systems of 3(a) and 3(b). In both figures, confidence intervals indicate
the degree of uncertainty with which a trait can be assigned a given rank position; in most
cases, confidence intervals are wide. For example, across both figures, only ten out of 27traits can be confidently placed in either the top or bottom half of the ordering, and only one
out of 27-traits can be confidently placed in a single quartile.
This uncertainty could stem from a number of sources. The frequency of trait appearance
across the sampled rankings is clearly a contributing factor to increasing confidence in
aggregated rank position, however, it is also clear that there are additional drivers of
uncertainty (for example, some traits have a high frequency of appearance and high
uncertainty in their rank position). It is likely that heterogeneity exists between studies due
variation in respondent characteristics or variation in local production systems (or even
publication date), which is an important reminder of a key question in the application of these
methods, who decides the breeding goal? It would also be questionable to assume these
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Rank position

Figure 2.3 Aggregate ranking of multiple partial ordinal rankings, collated from included
articles investigating trait preferences of stakeholders in (a) high-income dairy cattle
systems (n = 21), and (b) lower-income dual-purpose cattle systems (n = 44). Large (red)
point estimates indicate ranking according to minimum violations approach. Small (orange)
point estimates, small (yellow) diamond estimates and error bars indicate median rank,
mode rank and 95% confidence interval, respectively, based on 10000 bootstrap
resamples. Vertical dashed lines represent rank quartiles, labels on right hand axis
represent number of partial rankings in which each trait appears. Total number of pairwise
comparisons between all traits can be found in Appendix D SM2.
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methodologies are equally accurate in their ability to predict preferences, which would increase
variation when rankings are aggregated, and so future research may seek to quantify the exact
impact of methodological choices on the estimation of preference. Linking in with this, it is also
likely that uncertainty is introduced by the range of non-standardised methodological
approaches. Consequently, there are two points to emphasise that apply generally across the
methodologies; firstly, on the consistent selection of traits for inclusion in studies, and secondly
on identifying heterogeneous preferences in the respondent population.
2.5.1 Selection and inclusion of traits
For all methods, a first step involves the identification of traits relevant to the research objective
and, in the case of some DCEs, the assignment of realistic levels for each of these traits
(Hensher et al., 2005; Mangham et al., 2009). The traits of interest, and associated levels,
describe the hypothetical genetic improvement options to be considered by respondents, and
are often not amendable. As such, the researcher’s ability to correctly identify these
components without overlooking important traits, including non-important traits, and/or
attributing unrealistic levels to included traits is critical to the underlying validity, reproducibility
and consistency of a study. Researchers should ensure the traits, trait changes (and, for
contingent valuation, hypothetical market conditions) are described in a neutral way, such that
descriptions do not influence respondent values.
Despite the importance of this initial stage, in most of the literature reviewed, we found
insufficient description and explanation to make the process accurately reproducible.
Approaches to identifying and selecting traits included: literature review (Wheeler and Corbett,
1989), theoretical arguments from the literature (Just et al., 2018), professional insight (von
Rohr et al., 1999), current selection tools (Rozzi et al., 2007), focus groups (Roessler et al.,
2008), stakeholder interviews (Ejlertsen et al., 2012), preliminary surveys (Sae-Lim et al.,
2012), findings from previous studies (Smith and Fennessy, 2011), and combinations of
multiple approaches (Asrat et al., 2010). However, the information provided was often brief,
and without reflection on the analysis and refinement of complex information used to derive a
manageable number of traits and, where applicable, levels; for example, from Scarpa et al.
(2003a) “attributes were chosen so as to reflect a set of relevant breed-related pig-rearing
traits”. Participatory approaches to selecting traits for the final experimental design that permit
iteration and discursion throughout the process are recommended. Such deliberation also
gives researchers the opportunity to remain open to values that may not have been previously
obvious.
Once traits are selected, ensuring respondents have an equivalent understanding of them can
reduce uncertainty in results (Coast and Horrocks, 2007). This equivalence may come from a
specific and detailed explanation, or further, by providing a magnitude of improvement for each
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trait; the later meaning respondents also have equivalent expectations of improvement
between traits, however, reviewed articles mostly did not quantify this. Instead, most articles
conferred trait improvements in vague terms. For example, a trait such as growth may be
presented, sometimes ambiguously, as growth rate (e.g. Mwacharo and Drucker, 2005); but
sometimes with a direction of rate, such as faster growth (e.g. Nigussie et al., 2013) or
increased root growth (Smith and Fennessy, 2011). At best, presenting traits in a vague
manner will give an indication of relative importance in general terms. At worst, it could
introduce confusion, especially in situations where the direction of improvement is not stated,
and is not always intuitive. For example, body size is a relatively common trait, where a desire
for larger animals may be inferred for growing cattle, yet for breeding cattle, a smaller size is
often desirable (e.g. Schutz et al., 2014). Researchers should also avoid instances where
ambiguity may introduce confounding and double counting, for example, with body
condition/muscularity and frame in Nauta et al. (2009).
In some more sophisticated articles, authors explicitly quantified trait improvements. Either as
a theoretically achievable genetic gain, such as 0.7% greater fillet percentage (trout; Sae-Lim
et al., 2012), or as a change in phenotypic performance with standardised monetary value
across all included traits, such as +1.5kg protein yield 100-cows/year and -8 lameness cases
100-cows/year (dairy cattle; Martin-Collado et al., 2015).

Providing such extra detail to

respondents may enable more substantiated and comparable decisions to be made, by
removing the uncertainty with which individual respondents estimate achievable genetic gains,
or by removing the perceived variation in economic benefit provided by a set of traits,
respectively. The provision of scale also enables researchers to move beyond a general
quantification of respondent preferences, which may inform a robust description of the
breeding objective itself, and towards estimates that are implementable towards achieving the
breeding objective via selection indices. In this way, precise quantification of the direction and
magnitude of trait improvements is likely to support more precise and robust estimation of
preference (Kariuki et al., 2017; Omasaki et al., 2016), and, of equal importance in terms of
the objectives of this review, the possibility of capturing the non-market aspect of trait values,
including novel traits (Byrne et al., 2012; Slagboom et al., 2016b).
Of course, the chosen approach to trait-selection may in turn influence the amount of
information researchers are able to describe traits with. For example, researchers who plan to
include estimates of genetic improvement in the definition of traits may find themselves limited
to traits with available genetic parameters. But even a specific and detailed description of a
trait may be a sufficient barrier; many reviewed studies were not inclusive of novel traits, and
difficulties describing such traits to the target population, either quantitatively or qualitatively
may be a contributing factor. If researchers intend on including novel traits, they should ensure
stated improvements are reliably approximated using similar traits and/or biological or
economic reasoning (as in Sae-Lim et al., 2012; Ahlman et al., 2014; Martin-Collado et al.,
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2015) or that novel traits are defined with a sufficiently detailed description (as in Henchion et
al., 2016). The inclusion of novel traits might also require an iterative approach, since they
could be better identified by respondents rather than the researcher, in this case a preliminary
survey might be a useful step (as in Ahlman et al., 2014), such as preliminary step may even
draw on an additional method, for example, via a Delphi process.
2.5.2 Respondent heterogeneity
Accounting for heterogeneous objectives is necessary to more accurately reflect the
preferences of respondents. Despite this, many studies ignore heterogeneity to describe an
average preference (e.g. Makokha et al., 2007), sometimes without any measure of
uncertainty or confidence in results, which may trivialise the determination of preference
especially if results are not representative of a large proportion of the target population
(Adamowicz et al., 1998; Martin-Collado et al., 2015). Where acknowledged, heterogeneity
was most often accounted for in the analytic approach using predefined a priori respondent
segments (Byrne et al., 2012), with a latent class model (Scarpa et al., 2003b), or a random
parameters model (Kassie et al., 2009). In some methods that involved group deliberation,
focus groups were balanced according to assumed demographic drivers (Marshall et al., 2016).
In the literature reviewed, examples of a priori respondent segments included: education level
(Just et al., 2018), respondent gender or sex (Marshall et al., 2016), agro-ecological zone
(Muchadeyi et al., 2009), farm characteristics (Wallenbeck et al., 2016), sex of subject (Mbuku
et al., 2010), breed of subject (Slagboom et al., 2016a), and industry segment (Sy et al., 1997).
If researchers have sufficient justification for anticipating narrow drivers of heterogeneity, this
approach may be appropriate (Byrne et al., 2012) However, without justification, there is a risk
that over-simplifying the complexity of the choice making processes may bias the analysis.
There are statistical approaches designed to analyse heterogeneous preferences without
making prior assumptions as to the drivers of such heterogeneity. For example, by seeking
commonalities between individual preferences directly, as demonstrated by Martin-Collado et
al. (2015) and, later, by Slagboom et al. (2016a; 2016b). Martin-Collado et al. (2015) utilised
principal component analysis (PCA) and cluster analysis (CA) to investigate the preferences
of Australian dairy farmers for breeding objective traits. Three distinct farmer-types were
established, based solely on the structure and similarity of elicited preferences. Where PCA is
useful in identifying the underlying structure of preference data, CA provides an understanding
of how preferences are distributed across respondents and how these can be optimally
grouped together, especially as preferences are likely to differ, even within industry segments
(Nauta et al., 2009; Barnes and Toma, 2012; Martin-Collado et al., 2015). Constructing
respondent-types in this way may also reduce bias by eliminating the requirement for
researchers to assume and predefine drivers of preference heterogeneity.

41 | P a g e

Thesis: Jay Burns
Aside from respondent heterogeneity within studies, it is likely that respondent heterogeneity
also exists between studies. For the overwhelming majority of studies, respondents were
producers, with few articles investigating preferences of other stakeholders in the supply chain,
which may be an important knowledge gap for future research (exceptions are Sy et al., 1997;
von Rohr et al., 1999). In the specific context of accounting for more abstracted values, it is
especially important that future researchers seek to broaden the target population, in order to
include the values and motivations of society at large. This is because, globally, as agricultural
sectors continue to develop, we are faced with ever-greater options when making selection
decisions. This leads to increasingly complex decisions, involving trade-offs between a wide
range of reliably-evaluated production, functional and novel traits and the interactions of such
traits with the production environment (Berry, 2017). However, with such complex options, it
is a critical issue to not limit the focus of genetic improvement to the preferences of producers
alone, but to find ways to engage wider stakeholders – such as consumers, animal welfare
organisations, environmental organisations, etc. – directly in the valuation of improvements.
In the reviewed studies, complexity is moderated to some extent by reducing the number of
traits of interest; or allowing respondents to deliberate iteratively over their respective choices;
or giving respondents a familiar point of reference when describing trait improvements
(Wheeler and Corbett, 1989; Sy et al., 1997; Sae-Lim et al., 2012). Therefore, future research
may harness such innovations towards including more diverse respondent groups, exploring
trade-offs between different stakeholder groups, or even investigating how values change
relative to different breeding objectives (Cross et al., 2012). In many ways, who the
beneficiaries of a breeding objective are is as important of a question as how their preferences
are elicited.
2.6 Preferences to policy
Preference-elicitation studies are often aimed towards the defensible implementation of
preferences into policy. Reliably eliciting the plural values of genetic improvement objectives
is one matter, however, accounting for these values in the conventionally economic framework
of a breeding objective can be more problematic, as they need to combine market and nonmarket values that are affective both within and beyond the farm-level (Olesen et al., 1999;
Wall et al., 2010b). Of all reviewed studies, few go further by including elicited preference into
a selection index, despite research that demonstrates the complementarity of conventional
and preference-based approaches in capturing the plural values of genetic improvement
(Gizaw et al., 2018), and the congruence between stated and revealed preferences (Scarpa
et al., 2003b; Woldu et al., 2016). As mentioned in the introduction, in practice selection tools
are often adjusted before implementation, and to this end, preference-elicitation methods,
when conducted effectively, provide objective and compelling data to justify such adjustments.
As such, it is important to acknowledge some instances where these methods have been used
in the implementation of preference-adjusted breeding objectives.
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Restricted or desired gains approaches are common methods for modifying the emphasis of
selected traits, in which EVs are altered either to restrict unwanted changes or achieve the
desired response in traits of interest (Yamada et al., 1975). The development of a selection
index based on desired gains and informed by preferences is mentioned by some reviewed
articles (e.g. Ragkos and Abas, 2014; Kariuki et al., 2017). Similar to a desired gains index is
a retrospective index, in which selection weights are estimated on the basis of a desired
response to selection (Kanis et al., 2005). Here, response to selection is iterated on until a
desired response is achieved; this idea appears foundational to some reviewed articles,
although not named explicitly (Ahlman et al., 2014; Wallenbech et al., 2016). In addition to this,
Nielsen and Amer (2007) describe an approach to calculating the relative values of traits in a
selection index using a stated preference approach, which requires a monetary attribute in the
experimental design if relative values are to be expressed as EVs; there are articles that apply
this approach in the current review (Woldu et al., 2016; Just et al., 2018). Finally, the most
straightforward approach to defining weights is to have experts estimate them directly, which
can be achieved with contingent valuation (von Rohr et al., 1999). With these approaches,
real-world implementation can be achieved.
Preference-weighted selection tools were recently successfully implemented at a national
level in Australian dairy systems. In this case, the heterogeneous values and motivations of
Australian dairy farmers were aligned more accurately with the national breeding program
through the establishment of three new breeding objectives, which were predicted to increase
uptake with increased relevance to users (Martin-Collado et al., 2015). In another example
from the dairy industry, Rozzi et al. (2007) established that the trait preferences of organic
dairy producers in Ontario, Canada were not well represented by the selection index of
conventional dairy producers in the same region, thus it was unsuitable for their desired
direction of genetic improvement. Consequently, authors defined a modified index that
enabled the target population to re-rank proven bulls to be better aligned with their values and
motivations. Finally, there is evidence to suggest the use of stated preference methods is
increasingly common in industry, but remains largely unreported in the peer-review literature;
for example, Miller et al. (2019) present the application of a choice-based approach used to
update indices of the American Angus Association, which led to the resolution of previously
intractable differences within the breed society regarding the inclusion of previously
overlooked but important maternal traits alongside terminal traits. Evidence such as this
indicates industry uptake of some included methods (notably, the approach presented by
Smith and Fennessy, 2011; Byrne et al., 2012; Martin-Collado et al., 2015; Slagboom et al.,
2016b) is at a more advanced stage than the literature reviewed herein might suggest,
therefore, an industry perspective paper would be useful to bridge this public domain
knowledge-gap.
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2.7 Conclusion
In achieving breeding objectives, traits of interest and associated selection emphasis will
continually evolve in order to remain appropriate for the changing needs of society. The current
review is provided to researchers and practitioners involved with the development and
implementation of appropriate and sustainable breeding objectives, and serves as an update
on the current state of research; a comprehensive catalogue of the application of preference
elicitation tools and key considerations for future research. In order to improve the toolkit for
valuing the genetic attributes of agricultural species, researchers must first consider the
methodological appropriateness of a chosen approach, as well as exploring whether other
disciplines using similar social science methodologies may offer opportunities for more robust
insights; this may require research to quantify the relative benefits of methodological
approaches for this field. Secondly, researchers must ensure reproducibility with the explicit
selection, inclusion and description of traits into the experimental design, with particular
consideration for (i) dependencies between these factors and the target population, (ii) the
accurate representation of traits, and (iii) the specific values sought. Finally, we advocate that
traits reflecting the needs of society at large should be given more direct consideration in the
development of breeding programs, and this may require a change of perspective, in which
wider stakeholder groups are used to identify breeding objectives and associated valuable
traits, not just to value pre-identified traits.
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Preferences of European dairy
stakeholders in breeding for
resilient and efficient cattle: a BestWorst Scaling approach

This Chapter is now published as:
Burns, J., Glenk, K., Eory, V., Simm, G., Wall, E. (2022), Preferences of European dairy
stakeholders in breeding for resilient and efficient cattle: a Best-Worst Scaling approach.
Journal of Dairy Science. 105, pp.1265-1280.

3.1 Abstract
Including resilience in the breeding objective of dairy cattle is gaining increasing attention,
primarily as anticipated challenges to production systems, such as climate change, may make
some perturbations more difficult to moderate at the farm level. Consequently, the underlying
biological mechanisms by which resilience is achieved are likely to become an important part
of the system itself, increasing value on the animal’s ability to be unperturbed by variable
production circumstances, or to quickly return to pre-perturbed levels of production and health.
However, since the value of improving genetic traits to a system is usually based on known
profit functions or bio-economic models linked to current production conditions, it can be
difficult to define longer-term value, especially under uncertain future production
circumstances and where non-monetary values may be progressively more important.
We present the novel application of a discrete choice experiment (DCE), used to investigate
potential antagonisms in the values of genetic improvements for eight traits to dairy cattle
system stakeholders in Europe when the production goal is either efficiency or resilience. A
latent class model (LCM) was used to identify heterogenous preferences within each
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production goal, and post-estimation was used to identify associations between these
preferences and socio-demographic characteristics of respondents. Results suggested three
distinct latent preference classes for each production goal. For the efficiency goal, yield and
feed efficiency traits were generally highly valued. For the resilience goal, health and
robustness traits were generally highly valued. In both cases, the same traits generally carried
a low value in the other production scenario. Overall, in both scenarios, longevity was valued
highly. However, the value of this trait in terms of resilience will depend on phenotyping across
diverse environments to sufficiently capture performance under various anticipated system
challenges. Additionally, results show significant associations between membership of latent
preference classes with education level and profession. In conclusion, as resilience becomes
increasingly important, it is likely that a continued reliance on the short-term economic value
of traits alone will lead decision-makers to misrepresent the importance of some traits,
including those with substantial contextual values in terms of resilience.
3.2 Introduction
In highly productive European dairy cattle systems, managing perturbations generally follows
a maximum control paradigm, in which farmers and industry stakeholders seek to minimise
the impact of production challenges on individuals in the herd by highly regulating the
management of feed, housing and disease (Friggens et al., 2017; ten Napel et al., 2011; TixierBoichard et al., 2015). In this case, objective functions of production, such as milk yield, are
maximised partly by shielding individuals from external stressors. In these highly controlled
production systems, there is no benefit to promoting individuals who are unperturbed by
external stressors. However, continuing changes in production circumstances are now
expected, including climate-related instability (EEA, 2017; Kovats et al., 2014). This is likely to
impact on cattle via multiple direct and indirect pathways (Kipling et al., 2019, 2016); with direct
effects including known health and production losses across environmental gradients (Rauw
and Gomez-Raya, 2015; Strandberg et al., 2009), while indirect effects include changes to
forage and feed-crop availability and production (Dellar et al., 2018). With authoritative
projections predicting the continued increase in frequency, duration and extremity of weather
perturbations, supported by recently observed trends, resilience is now considered a key factor
that will shape the future severity of impacts on food production (Bullock et al., 2017; Darnhofer,
2014; Walker et al., 2004).
Resilience can be considered as the ability of a system to cope with environmental challenges,
via mechanisms underlined by robustness, adaptability and transformability (Meuwissen et al.,
2019). However, at the individual animal-level it is common to focus more on mechanisms of
robustness and adaptability, which we do herein (Ge et al., 2016; ten Napel et al., 2011). When
compared with the maximum control paradigm, which has eroded the ability of highly efficient
individuals to maintain efficiency under suboptimal production circumstances (Hill and Wall,
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2017, 2015), the resilience paradigm seeks to promote the underlying biological characteristics
that enable individuals to maintain efficiency levels (Figure 3.1), even when production
circumstances are suboptimal (Friggens et al., 2017). Requirements to maintain efficiency are
two-fold: individuals must be minimally affected by the impact of perturbations, and they must
quickly return to the normal level of functioning (Colditz and Hine, 2016). Hence, a system
following the resilience paradigm would accept a reduced capacity to shield individuals from
external stressors, instead bestowing a greater reliance on the individual’s ability to cope with
variability in their production environment. It is highly likely that the value of resilience is nonzero (Berghof et al., 2019b), therefore, it can be fostered at the animal level by inclusion into
the breeding objective. In this way, genetic improvement may be balanced not only for
production and functional traits, as is the norm (Miglior et al., 2017, 2005), but also for
resilience traits (Berghof et al., 2019b; Colditz and Hine, 2016; Friggens et al., 2017; Poppe et
al., 2020).
In genetic improvement programs, individuals are considered as a collection of genetic traits
and improvement is usually directed by the monetary value of traits from the perspective of
commercial farmers (Brascamp et al., 1985). As such, with breeding decisions, profit is
maximised, and choices are simplified as candidates are described according to a single value
that represents the sum of their performance across a set of measurable traits in a breeding
objective (Groen, 1989). Although research is already underway to identify traits that will be
important for the resilience of future cows, such as reducing variation in daily yields (Elgersma
et al., 2017; Poppe et al., 2020), defining a monetary value for resilience in a breeding objective
may be more problematic for two notable reasons. Firstly, using contemporary approaches,
the value of traits must be deterministic and usually linked to short term markets (Simm, 1998),
whereas the value of resilience traits may be dynamic and dependent on uncertain future
production circumstances (Friggens et al., 2017). Secondly, some of the value may not be well
transferred via the market; for example, resilience may deliver co-benefits to social and

Figure 3.1 Visual representations of the control and resilience paradigms. Here, the lines
can be considered as the individual, the arrows signify effort exerted by the farm, and the
balls are the output of the individual. Under the control paradigm, farm effort is applied
directly to maintaining the individual’s output. Under the resilience paradigm, farm effort is
used to ensure individuals can moderate their own outputs (adapted from Holling, 1973; ten
Napel et al., 2011).
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environmental targets, the value of which can be difficult to capture in monetary terms,
regardless of relevance in the decision-making process (Bos et al., 2018; Busch and Spiller,
2018; Nielsen et al., 2008). Resultantly, some traits may be undervalued by conventional
methods.
In situations where the derivation of value for traits is less clear, there are preference-based
approaches to derive value under actual or theoretical production circumstances. Such
preference-based approaches can be used to give an indication of the direction of genetic
improvement desired by stakeholders, without limiting the value of an improvement to market
value alone (Sae-Lim et al., 2012). There are numerous applications of such methods to date,
which were reviewed fully in the previous Chapter, and some have even influenced national
agricultural genetic strategies (Bos et al., 2018; Byrne et al., 2016). Such methods are still
consistent with the philosophy and formulation of breeding objectives, with which an
individual’s merit is expressed as a product of their performance across a set of valued traits.
So far, these methods have largely been used either to capture conventional value where data
availability is problematic (Chawala et al., 2019), to evaluate non-market trait values (Nielsen
et al., 2006), or to explore heterogeneity in trait preferences between stakeholders (MartinCollado et al., 2015). However, preference-based approaches also offer opportunities to
investigate trade-offs and synergies in the value of traits between competing breeding goals,
particularly when looking to the longer-term where production and market circumstances are
uncertain.
Despite growing interest in the inclusion of resilience traits into breeding objectives (Berghof
et al., 2019b; Colditz and Hine, 2016; Friggens et al., 2017; Poppe et al., 2020), and despite
the increasing use of preference-based approaches in the evaluation of breeding objectives
(Martin-Collado et al., 2015; Byrne et al., 2016), applications of a preference-based approach
to explore trade-offs between genetic traits under different production objectives are scarce
(Slagboom et al., 2016b). We address this knowledge gap by applying a preference-based
approach to stakeholders of dairy cattle production systems, to understand how the relative
importance of traits changes depending on if efficiency or resilience is the production goal. In
this chapter, we will also describe the first application of the Best-Worst Scaling preferenceelicitation method in this field (section 3.3). We will present and discuss discrete preference
structures that indicate key trade-offs between traits important for efficient or resilient
production (section 3.4 & 3.5). In addition, we will explore how socio-demographic
characteristics of respondents may explain some variation in preferences (sections 3.4 & 3.5).
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Trait
Production: Protein yield (+3.3
kg/lactation)
Fertility: Calving interval (-7 days)
Survival: Days of productive life (+146
days)
Health: Mastitis resistance (-6% cases)

Resilience
Best
Worst
















Figure 3.2 Example of best-worst choice task. The order of choice sets and of traits within
each choice set was randomised based on the time at which respondents accessed the
survey tool.

3.3 Method
3.3.1 Best-worst scaling
Best-Worst Scaling (BWS) is a form of discrete choice experiment (DCE) (Louviere et al.,
2015). With BWS3, respondents are presented with a series of choice sets, each containing a
subset of all the items to be evaluated. Here, items were the genetic traits of dairy cattle, the
selection of which would lead to a defined improvement in the performance of subsequent
generations. For each choice set, respondents were required to select the best and worst trait,
on an underlying latent subjective utility scale (Lancaster, 1966). In the present case, the utility
continuum can be interpreted as the relative impact of improving a trait to a farm system. Of
course, respondents are assumed to have a utility for all traits. However, as choice sets
followed an experimental design (see section 3.3.2), respondents need only indicate those
items at the extremes of the utility continuum, from which it is possible to infer the relative utility
of all items across all choice sets (Aizaki et al., 2014).
In this context, the BWS framework is consistent with real-life trade-offs inherent in breeding
decisions for dairy cattle, where animals are selected according to their relative performance
in a set of genetic traits, and where decision-makers must balance the relative importance of
genetic traits appropriately for their production circumstances (Miglior et al., 2017; Simm,
1998), albeit often with input from breeding companies (Ooi et al., 2021). In order to ascertain
how the relative importance of traits is affected by the production circumstances, respondents
were required to make the same series of choices in the context of two separate production
goals, resilience and efficiency.

3

in this article, BWS specifically refers to object-case BWS (as oppose to profile-case or
multi-profile-case) (Louviere et al., 2015)
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Table 3.1 The description of traits featured in the BWS choice experiment
Trait group
Production

Trait
Protein
yield

Calving

Calving
ease

Fertility

Calving
interval

Maintenance

Residual
feed
intake
(RFI)

Survival

Days
of
productive
life (DPL)

Emissions

Methane
emissions

Health

Mastitis
resistance

Heat
tolerance

Milk
production
in
heat
stress
conditions
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Description
A trait that describes milk protein produced per lactation.
Protein content can be used an indicator of milk quality. Ten
years of selection on this trait could result in an extra 3.3 kg
protein per lactation per cow. This is a 1.3% increase
compared with current dairy cattle.
Level of assistance needed at calving. Ten years of selection
on this trait could result in a reduction of 7% in average calving
difficulty score, meaning more unassisted calving and less
cases of calving difficulty.
Number of days from one calving date to the next. Long
calving intervals are associated with losses in many forms
(e.g. feed and labour). Ten years of selection on this trait could
result in a reduction of 7 days between calving dates. This is
a 2% decrease compared with current dairy cattle.
The difference between actual feed intake (dry matter intake)
and expected feed intake. Cattle that have negative RFI
values need less feed than would be expected to produce the
same output. Ten years of selection on this trait could result
an RFI value of -1.1 kg per day. Currently, most dairy cow
performance is between +0.97 to -0.97 kg per day.
The additional number of days a cow can expect to remain in
the milking herd. Cows with greater survival do not succumb
to common reasons for culling as early in their life. Ten years
of selection on this trait could result in an extra 146 days of
productive life. This is a 9% increase compared with the
productive life of current dairy cattle.
Methane produced per day per animal. Reducing methane
emissions will reduce some of the negative environmental
impact of production. Ten years of selection on this trait could
result in a reduction of 24 grams of methane produced per day
per cow. This is an 8% decrease compared with current
lactating dairy cows.
Mastitis is a common disease in dairy systems, which has
many impacts ranging from loss of milk to additional labour
needed for treatment. Mastitis affects approximately 14% of
dairy cows in the first parity. Ten years of selection on this trait
could result in a 6% reduction in first parity mastitis cases.
Normally, cows produce less milk under heat stress
conditions. Selection on this trait will improve the ability of
cows to maintain production during warm weather periods.
Ten years of selection on this trait could result in an extra 0.03
litres of milk per unit of heat stress above the threshold (0.03l
per unit of the Temperature-Humidity Index above 60). This
could result in 1% more milk in the warmer regions of Europe.

Chapter 3
3.3.2 Experimental design, survey construction and dissemination
Traits were selected partially based on the results of an earlier questionnaire, which asked 25
partners and stakeholders of the multi-disciplinary, multi-country Horizon-2020 GenTORE
project (“GEnomic management Tools to Optimise Resilience and Efficiency” pertaining to
European cattle production) to identify traits important to a resilient or efficient production goal
in an open format. Across both goals, the most cited traits were those relating to yield, health,
fertility and reproduction, feed efficiency, adaptability, and longevity; with important novel traits
including methane emissions and traits related to production efficiencies and early disease
detection. In total, eight traits were selected for inclusion in the DCE, balanced not only based
on the aforementioned results, but also to constitute a representative selection index (Miglior
et al., 2005; 2017), and, importantly, to be easily understandable in terms of practical benefits.
Respondents were presented with 14 choice sets, each of which contained a subset of four
traits out of a total of eight. The appearance of traits within choice sets followed a balanced
incomplete block design (BIBD), constructed using the R packages crossdes (Sailer, 2013)
and support.BWS (Aizaki, 2020). An example choice set can be seen in Figure 3.2. The traits
were described in terms of (i) the general trait group, (ii) the specific trait, and (iii) the response
to selection that would be achievable if all selection emphasis was on that single trait, ignoring
correlated effects (more details in section 3.3.2.1). Below each choice set, respondents were
also provided a more detailed description of the featured traits. These descriptions can be
found in Table 3.1. Prior to completing the choice tasks, respondents were given information
on: the purpose of the study, the meanings of resilience and efficiency (specifically in the
context of production challenges), and how to complete the choice tasks. The survey also
included questions concerning respondent characteristics and attitudes to genetic
improvement programs more generally; definitions of resilience and efficiency, and a list of
survey questions are provided in Appendix A in Supplementary material for Chapter 3 (herein
SM3).
A link to the online survey 4 was disseminated to partners and stakeholders of the GenTORE
project, and subsequently by those same partners and stakeholders, to relevant participants
in their networks; and so, we followed a snowball sampling approach. The survey was live
from March – April 2019.
3.3.2.1 Response to selection
As mentioned, for each trait we gave a response to selection that would be achievable if all
selection emphasis was on that single trait, ignoring correlated effects. The reason for giving
4

The survey was available in seven languages in order to increase uptake, those languages
were English, Danish, French, German, Italian, Spanish and Swedish. Translated versions
were checked for consistency with the original English-language version by bi-lingual
colleagues.
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a response to selection was to
ensure

all

respondents

were

conceptualising the same level of
improvement in each trait when
making trade-offs between them.
The response to selection was
given in appropriate units for each
trait and, for most traits, was
calculated as the direct response to
selection that could be achieved in
a

4-pathway

(Lush,

1945),

breeding

scheme

ignoring

genetic

correlations:
𝑅𝑇𝑗 =

1
4

(∑4𝑛=1 𝑖𝑛 )ℎ2 𝜎𝑝
Eq. 3.1

Where 𝑅𝑇𝑖 is the response to
selection for trait 𝑗 , 𝑖𝑛 is the
selection interval for each of the
four selection pathways: (i) sires of
sires, (ii) sires of cows, (iii) dams of
sires, and (iv) dams of cows. The
percentage of animals selected for
breeding in each pathway was
assumed to be 2.4%, 10%, 30%
and 100%, respectively; giving
respective selection intensities of
1.16, 1.75, 2.36 and 0.00, which are
representative of high input dairy
cattle production systems (Nguyen
et al., 2016). Heritability ℎ2 and
phenotypic standard deviations 𝜎𝑝
were taken from the literature. 𝑅𝑇
for the heat tolerance trait was
calculated differently, but in an
equivalent way using accuracy and
genetic standard deviation instead
of
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standard deviation, due to available genetic parameters. All 𝑅𝑇 and referenced parameters for
their derivation can be found in Table 3.2. The generational response to selection, given by
𝑅𝑇 , was scaled up to an estimated decadal response, as we wanted respondents to consider
genetic change in the context of longer-term change in production circumstances. To do this,
we assumed a generation interval of 2.5-years for bulls selected on the basis of genomic
breeding values (pathways i-iii) and 5-years for cows (pathway iv). We also assumed a
reduction in 𝑅𝑇 of 25% from the initial generation as a result of reduced genetic variance from
selection itself (Falconer and Mackay, 1996; Simm, 1998).
3.3.3 Econometric analysis
There are several approaches to analysing BWS data, which range substantially in
sophistication. The simplest approach is the count method; the number of times trait 𝑖 is
chosen as best, minus the number of times trait 𝑖 is chosen as worst (herein, the 𝐵𝑊 score).
Despite the simplicity, the count method is appropriate for summarising choice frequencies at
the individual level and at the sample level (using the mean of individual 𝐵𝑊 scores 𝜇𝐵𝑊 )
(Auger et al., 2007). In fact, at these levels, results of the count method are highly correlated
with more sophisticated probability-based statistical approaches, indicating that the count
method provides a close approximation of the true value of items on the utility continuum
(Louviere et al., 2015); more in Appendix B in SM3.
However, the count approach is not particularly useful for assessing how preferences differ
between respondents. Commonly, in preference-based studies, heterogeneity may be
explored using a priori stratification, by which the structures of respondent preference are
grouped according to some observable characteristic of the respondents themselves, such as
level of education (Zhou et al., 2018), or, in this case, respondent region. We assumed a
portion of preference heterogeneity between respondents would be driven by the European
region for which respondents were most knowledgeable; in dairy systems, future production
challenges are likely to vary between regions (Gauly et al., 2013; Gauly and Ammer, 2020),
meaning optimal strategies to mitigate such challenges, including genetic improvement
strategies, may also vary. We used the count method with a priori stratification to summarise
choice frequencies, grouping respondents based on European pedoclimatic regions (Metzger
et al., 2005). On an interactive map, respondents were asked to indicate the region for which
they had most experience and knowledge, and thus the region for which they would likely
conceptualise future challenges to resilient and efficient production. However, summarising
results solely based on a priori stratification has limitations; one important limitation is a
constraint on the variables with which heterogeneity can be explored, both in terms of numbers
and observability (Auger et al., 2007; Deal, 2014).
Probability-based statistical models offer more robust analytic options to account for
preference heterogeneity. Here, we describe the application of a latent class model (LCM),
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which allows the identification of discrete latent groups, where preference heterogeneity is
assumed to be driven by unobserved respondent characteristics, including attitudes,
perceptions, experience, and beliefs, rather than easily observable socio-demographic factors
(Zhou et al., 2018). In this way, LCMs circumvent the limitations of a priori stratification
methods by grouping respondents primarily according to their choice behaviour (Boxall and
Adamowicz, 2002). The output of LCM is a set of discrete preference classes, with each
respondent assigned a probability of membership to each preference class. Although the
preference classes are derived independently of observable characteristics of the respondent,
it is still possible to explore whether observed characteristics influence the probability of class
membership using post-estimation analysis. Most commonly, this process of exploring trends
in respondent characteristics between classes uses bivariate methods (Zhou et al., 2018); we
used a Monte Carlo extension of the Chi-squared test (Hope, 1968).
Data management, summary statistics, descriptive statistics and post-estimation analysis
were performed in R (R Core Team, 2017), Latent Class Analysis was performed in Stata
(StataCorp LLC., 2019) using the package lclogit2 (Yoo, 2020).
3.3.3.1 Specification of econometric model
The econometric model is derived under the usual assumptions of random utility theory, in
which an individual’s indirect utility function 𝑈 can be represented by two components:
𝑈𝑛𝑖,𝑡 = 𝑉𝑛𝑖𝑡 + 𝜀𝑛𝑖𝑡 ,

Eq. 3.2

Here, the utility 𝑈 individual 𝑛 derives from trait 𝑖 in choice set 𝑡 is decomposed into a
systematic, observed component of utility 𝑉𝑛𝑖𝑡 and a random component 𝜀𝑛𝑖𝑡 . The random
component of utility, which cannot be observed, is assumed to be identically and
independently distributed across the sample population and related to the choice probability
following a standard Gumbel distribution.
The observed component of utility is determined by the contribution of trait 𝑖 characteristics to
the utility continuum, and can be represented as:
𝑉𝑛𝑖𝑡 = 𝛼𝑛𝑖 𝐈𝑛𝑖𝑡 ,

Eq. 3.3

Where 𝛼𝑛𝑖 is a parameter to be estimated, representing the utility that respondent 𝑛 derives
from trait 𝑖, and 𝐈𝑛𝑖𝑡 is an indicator function, indicating if trait 𝑖 is available to respondent 𝑛 in
choice set 𝑡, as, of course, in each choice set 𝑡, only a subset of all traits will be available to
select.
Following these assumptions of random utility theory, if 𝐽 denotes the number of traits
appearing in a choice set 𝑡, we can describe the probability that respondent 𝑛 chooses trait 𝑖
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as 𝑏𝑒𝑠𝑡 from choice set 𝑡, which contains 𝑗 = 1, … , 𝐽 traits, with a multinomial logit (MNL)
model (McFadden, 1974):
𝑃𝑛 (𝑦𝑏𝑒𝑠𝑡 = 𝑖|𝛼𝑛 , 𝑡) =

𝐽

exp (𝜇𝑉𝑛 ,𝑡 )
𝑖

,

Eq. 3.4

∑𝑗=1 exp (𝜇𝑉𝑛 ,𝑡 )
𝑗

Where 𝜇 is a scale term inversely proportional to error variance and normalised to one.
For application to the BWS framework, we must also jointly model the trait chosen as 𝑤𝑜𝑟𝑠𝑡.
In this regard, we can make one of two assumptions on the way respondents process
information and proceed through the choice sets (Louviere et al., 2015); that is, simultaneously
or sequentially. With simultaneous selection, for each choice set, respondents are assumed
to assess the utility difference between all pairs of best-worst trait combinations, and
simultaneously select the pair that exhibit the greatest utility difference among all pairs of bestworst trait combinations (Marley and Louviere, 2005). Alternatively, we can imagine, for each
choice set, respondents will first select the best trait, and subsequently select the worst trait
(Lancsar et al., 2013). This sequential model is suggested to be more in keeping with the realworld choice behaviour of individuals (Glenk et al., 2014), so this is the assumption that we
followed. It is also true that, at the sample level, this choice is less important, it only becomes
important when exploring choice behaviour at the individual level; at the sample level Louviere
et al. (2015) suggest choosing the most convenient approach.
Under this assumption, we let 𝑏 be the trait chosen as ‘best’ (𝑦𝑏𝑒𝑠𝑡 = 𝑏) from choice set 𝑡1 ,
which contains 𝑗 = 1, … , 𝐽 traits, and let 𝑤 be the trait subsequently chosen as ‘worst’ (𝑦𝑤𝑜𝑟𝑠𝑡 =
𝑤) from choice set 𝑡2 , which contains the remaining 𝐽 − 1 traits. The logit probability of
observing this sequence can be expressed as (Lancsar et al., 2013):
𝑃𝑛 (𝑦𝑏𝑒𝑠𝑡 = 𝑏, 𝑦𝑤𝑜𝑟𝑠𝑡 = 𝑤 |𝛼𝑛 , 𝑡1 , 𝑡2 ) =

exp (𝑉𝑛𝑏𝑡1 )

∑𝐽𝑗=1 exp (𝑉𝑛𝑗𝑡1 )

×

exp (−𝑉𝑛𝑤𝑡2 )

,

∑𝐽−1
𝑗=1 exp (−𝑉𝑛𝑗𝑡2 )

Eq. 3.5

Of course, this extension of the MNL assumes preference homogeneity. In order to capture
heterogeneity, we specified an LCM so that respondents would be simultaneously assigned
to a latent behavioural class 𝑠 = 1, … , 𝑆 while estimating the choice model (Boxall and
Adamowicz, 2002). Within each latent class, preferences are assumed to be homogenous but,
between groups, preferences can vary; in this way, the preferences of individual respondents
are conditional on the probability of class membership (Colombo et al., 2009). Therefore, the
probability of respondent 𝑛 making a sequence of choices with trait 𝑏 as best and trait 𝑤 as
worst, conditional on class membership 𝑃𝑛|𝑠 , and with the probability of class 𝑠 including a
respondent as 𝑓𝑠 , the joint unconditional probability of a respondent making a sequence of
best-worst choices is given by (Villanueva and Glenk, 2021):
𝑃𝑛 (𝑦𝑏𝑒𝑠𝑡 = 𝑏, 𝑦𝑤𝑜𝑟𝑠𝑡 = 𝑤) = ∑𝑆𝑠=1 𝑓𝑠 𝑃𝑛|𝑠 ,

Eq. 3.6
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Equation 3.6 can be estimated using maximum likelihood techniques, in which the number of
classes 𝑆 requires some judgement, and is defined by the researcher. As is common for
applications with generic class allocation probabilities, in which segments have relative sizes,
we describe 𝑓𝑠 as an MNL process (Kamakura and Russel, 1989). Defining the number of
classes 𝑆 is an optimisation process, where a parsimonious solution is sought to minimise the
value of the model fit statistic (BIC), while maximising the difference in preference-structures
between classes and the percentage class membership (Colombo et al., 2009; Zhou et al.,
2018). Based on these principles, we chose a three-class solution for both efficiency and
resilience breeding goal contexts, a model fit plot and further details on this are provided in
Appendix C SM3.
Notable outputs of the LCM are two-fold. Firstly, within each preference class, each trait is
assigned a utility coefficient that describes its relative importance to class-members.
Coefficients can be positive or negative values, and are given relative to a reference trait,
which is omitted for model identification purposes. Interpretation of these coefficients is not
intuitive, partly as similar values may not have the same meaning between classes because
they can be subject to differences in scale. For this reason, we convert these utility coefficients
into ratio-scaled impacts scores, using a probability-based rescaling procedure (following
Sawtooth Software Inc., 2008):
𝑅𝑎𝑡𝑖𝑜 𝑠𝑐𝑎𝑙𝑒𝑑 𝑖𝑚𝑝𝑎𝑐𝑡 𝑠𝑐𝑜𝑟𝑒𝑖𝑠 =

exp (𝜃𝑖𝑠 )
(exp(𝜃𝑖𝑠 )+𝐽−1)

Eq. 3.7

Where 𝜃𝑖 is the zero-centred utility weight for trait 𝑖 in class 𝑠 derived from the LCM, and, as
previously, 𝐽 is the number of traits shown in each choice set 𝑡. These scores are then scaled
from 0-100 points, and can be easily interpreted as the predicted percentage of times a trait is
selected as best by class-members, allowing comparison of scores across classes.
Secondly, each respondent is assigned a conditional probability of membership to each latent
class. In our case, the highest conditional probability of membership to the three classes, per
respondent, was high (see Appendix C in SM3 for details), meaning the model distinguishes
the choice behaviour of respondents between classes with low levels of ambiguity (Yoo, 2020).
In this case, the highest conditional probability of class membership can be used to
categorically assign respondents to one of the three latent classes. This multinomial variable
was used to explore socio-demographic predictors of class-membership (Zhou et al., 2018) in
post-estimation analysis, using a Monte Carlo extension of the Chi-squared test (Hope, 1968).
3.4 Results
We received 85 responses from stakeholders across Europe, which is consistent with sample
size recommendations for discrete choice experiments (Bekker-Grob et al., 2015; Louviere et
al., 2015); the socio-demographic characteristics of the respondents are summarised in Table
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3.3.

Each

respondent

completed 14-choice sets
under

two

production

scenarios (resilience and
efficiency); each choice set
contained 4-traits, giving a
total

of

19,040

observations. Overall, we
found

no

evidence

of

agreement in the choices
made by respondents for
each production scenario
Figure 3.3 Agreement in all best/worst choices made by
respondents across all choice sets between production
goals, measured by Cohen’s Kappa. The discrete labels
of the horizontal axis follow the recommended
interpretation of Cohen’s Kappa by McHugh (2012).

(see

Figure

means

3.3);

that

this
most

respondents view these
production

goals

as

requiring different selection
strategies.
3.4.1 Trait preferences
The regionally aggregated mean BW scores, derived using the count approach, are reported
in Figure 3.4. Positive values of mean BW score occur when a trait is selected more times as
best than as worst, with the opposite true for negative values. There are clear differences in
the relative value of traits between the two production scenarios. For example, overall, the
yield trait, Protein yield, has the highest relative value in the efficiency scenario, whereas, in
the resilience scenario, it is the least valued trait. A similar trend is evident for the maintenance
trait, Residual feed intake (RFI). Conversely, the relative values of the disease resistance trait,
Mastitis resistance, and the survival trait, Days of productive life (DPL), increase in the
resilience scenario. It is clear that some heterogeneity in the valuation of traits is driven by
respondent region. For example, the value of the adaptation trait, Milk production in heat stress
conditions (Heat tolerance), in the resilience scenario appears quite different between
respondents from Alpine, Continental and Southern regions, who value it higher than their
Atlantic and Northern contemporaries. Furthermore, it is clear that respondents from the
Southern region place a higher value on the yield trait, Protein yield, than other respondents
in both scenarios. However, there is a general trend in which respondents appear fairly
consistent in their valuation of traits between regions.
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Consequently,

if

drivers

of

heterogeneity in trait values are
uncertain and complex, we can
assume they are latent, and
explore the relative value of traits
given

these

underlying

latent

constructs. Figures 3.5 and 3.6
describe the relative value of traits
by

members

classes

for

of

three

each

latent

scenario.

General trends in the relative
value of traits within production
goals, and trade-offs between
production goals are still evident.
However, for each production goal,
across classes, heterogeneity that
was hidden in Figure 3.4 is now
evident.

For

example,

across

classes in the efficiency scenario
(Figure 3.5), there is substantial
variation in the value placed on the
survival trait, DPL; at the extremes,
it is the highest valued trait by
members of Class 1, and the joint
lowest valued trait by members of
Class 3. As for the resilience
scenario (Figure 3.6), there is a
ten-fold difference in the value
placed on the yield trait, Protein
yield, across classes, with the
class valuing this trait highest
(Class 3) comprising high, but not
significantly

disproportionate

membership

of

Southern

European respondents (χ 2=5.93,
p=0.048). There are additional
examples

of

this

hidden

heterogeneity in the efficiency
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Figure 3.4 Mean BW score of genetic traits by region, with standard error, where (top)
efficiency is the production goal, and (bottom) resilience is the production goal. Regions are
Alpine (Alp), Atlantic (Atl), Continental (Con), Northern (Nor) and Southern (Sou).

scenario (Figure 3.5). One such example that is not evident in Figure 3.4, is the substantial
value placed on the environmental trait, Methane emissions, by members of Class 2;
respondents in Class 2 are 19 times more likely to select this trait as best than respondents in
Class 1. Incidentally, respondents who attained below University-level education were
significantly more likely to be in efficiency Class 1 (χ2=10.96, p=0.004). Efficiency Class 3
members, who value the survival trait, DPL, amongst the least, but the adaptation trait, Heat
tolerance, most favourably across all three classes, are not likely to have their preferences
well represented by Class 2 of the resilience scenario (Figure 3.6) (χ 2=8.81, p=0.010), perhaps
unsurprising given the oppositional value of some traits, including the two aforementioned.
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Figure 3.5 LCM-derived preference structures for respondents where efficiency is the
production goal. As a percentage of the total sample, membership of each class was 46%,
30% and 24%, respectively. See Appendix C in SM3 for raw utility estimates.

Figure 3.6 LCM-derived preference structures for respondents where resilience is the
production goal. As a percentage of the total sample, membership of each class was 52%,
16% and 32%, respectively. See Appendix C in SM3 for raw utility estimates.
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Across the resilience scenario classes in Figure 3.6, some trends mirror those evident in
Figure 3.4. For instance, in all three resilience classes, the survival trait, DPL, and the health
trait, Mastitis resistance, are consistently the most highly valued traits. And, for members of
Class 1 and Class 3, who comprise 84% of all respondents, the adaptation trait, Heat tolerance,
is the third most valuable trait. For resilience Class 2, in which the adaptation trait, Heat
tolerance, is assigned the lowest value, we found disproportionate membership of farmers
(χ2=10.32, p=0.009), although uneven sampling is notable here; farmer respondents were from
Northern and Atlantic regions of Europe, where they may not perceive Heat tolerance as a
potential problem. Incidentally, resilience Class 2 is also the class that designates a
substantially high value to the survival trait, DPL.
Of course, an important component of the choice exercise was the availability of a theoretical
improvement in each trait. It is useful then to consider the available improvement in each trait
as proportionate to the utility value assigned to it by class-members (Sae-Lim et al., 2012).
Table 3.4 gives an example of the expected gains in each trait if selection was weighted
according to the utility values of the most populous class for each production goal, and if traits
were independent (the full table can be found in Appendix D in SM3). Evidently, for efficiency
Class 1, although there is similar value placed on the yield trait, Protein yield, and the
maintenance trait, RFI, this translates to less similar improvements when selection is weighted
by utility values. This is because, for each trait under independent selection, the rate of genetic
change is not only influenced by the selection emphasis (i.e. the utility value), but also by the
heritability and phenotypic coefficient of variation (see Table 3.2).

Table 3.4 Maximum percentage gains (%G), if traits were independent, relative to the
phenotypic mean, and percentage gains if selection was weighted according to the utility
values of the most populous class (Class 1) for each production goal (Desired %G).
Class 1 utility value

Desired %G

Trait

%G

Production: protein yield

+1.3

Efficiency
0.19

Resilience
0.01

Efficiency
+0.25

Resilience
+0.013

Calving: calving ease

−6.5

0.05

0.1

−0.35

−0.65

Fertility: calving interval

−1.8

0.06

0.12

−0.11

−0.22

Maintenance: RFI

−7.0

0.21

0.06

−1.47

−0.42

Survival: DPL

+9.3

0.27

0.25

+2.51

+2.33

Emissions: CH4

−7.6

0.01

0.02

−0.08

−0.15

Disease: mastitis
resistance
Heat
tolerance

−5.8

0.15

0.24

−0.90

−1.39

+1.0

0.05

0.19

+0.05

+0.19
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3.5 Discussion
A novel application of the Best-Worst Scaling conjoint valuation method was used to determine
the change in utility value of a set of genetic traits under two production goals: resilient and
efficient production. We highlight trade-offs in the value of some traits under these two goals,
indicating the potential for antagonisms in maintaining efficient production that is also resilient
to expected changes in future production circumstances. The results of this study confirm the
existence of heterogeneity in the views of stakeholders, which adds to a growing body of
evidence (Byrne et al., 2016; Just et al., 2018; Slagboom et al., 2016b). However, we found
more consistency in the value of traits when selecting for resilience, with greater heterogeneity
if the goal is efficiency. Furthermore, we combined utility values with the maximum genetic
improvement possible for each trait to estimate the expected gains in each trait, if traits were
independently selected.
3.5.1 General trends in trait value
In terms of efficient production, at the sample level, the most valued trait was the yield trait,
Protein yield, followed by the maintenance trait, RFI, and the survival trait, DPL. However, on
accounting for latent classes of heterogeneity, we find the health trait, Mastitis resistance, the
environmental trait, Methane emissions, and the fertility trait, Calving interval, all feature in the
top three in one of the three classes. In fact, only one class contains all three of the most
preferred traits at the sample level, however, they are valued in the opposite order. If none of
the three efficiency classes are accurately represented by the mean of the whole sample, this
evidences the notion that ignoring preference heterogeneity risks misrepresenting the beliefs
of the entire sample as stakeholders do not agree on where to put emphasis for more efficient
production; a similar trend in the misrepresentation of preferences at the sample level was
found by (Martin-Collado et al., 2015). Hence, the correct identification of respondent groups,
who share similar values, is highly important in increasing the relevance of recommendations
and, in turn, the likelihood of adoption into practice (Nielsen et al., 2014). Many of the traits we
found most valued for an efficiency goal, where efficiency is the central thesis of contemporary
production systems, also featured highly in comparable studies from Denmark (Slagboom et
al., 2016b), Australia (Martin-Collado et al., 2015), Finland (Paakala et al., 2020), and
Germany (Just et al., 2018).
For resilient production, in all but one class, the most valued traits at the sample level are also
the most valued traits at the class level. These are the health trait, Mastitis resistance, the
survival trait, DPL, and the adaptation trait, Heat tolerance. For the class with disproportionate
membership of farmers, the adaptation trait is traded for the calving trait, Calving ease. Since
strategies for resilient production will be dependent on the specific challenges experienced
between production environments (Friggens et al., 2017), one might expect to see more
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heterogeneity here than under scenarios of efficient production; efficiency being a wellembedded concept in the field of genetic improvement (Simm, 1998). However, resilience is
a relatively new concept in the context of animal breeding and management, which may not
be sufficiently well researched to enable the development of diverse mitigation strategies. It is
likely that respondents related to resilience in a mixed way, drawing on aspects of robustness
and adaptability, but we cannot know for sure, and future research may seek to quantify the
contribution of different components of resilience in stakeholder’s understanding. A blended
interpretation of resilience may also be driving a high value for the survival trait, DPL, as, for
many, this trait may be representative of a broad measure of resilience, indicating an
individual’s ability to overcome a multitude of challenges and repeatedly avoid mortality,
whether by voluntary or involuntary culling (Friggens et al., 2017).
Despite a high degree of uncertainty in predicting future production circumstances, some
specific impacts are generally agreed and increasingly well researched. One such impact is
heat stress, an issue expected to intensify across Europe (Carabaño et al., 2017; EEA, 2017),
and drive losses in performance of production and functional traits (Wall et al., 2010b; Hill and
Wall, 2014, 2017; Gauly and Ammer, 2020), including increasing susceptibility to disease,
which will exacerbate existing challenges such as mastitis control (Vitali et al., 2020). This may
motivate the inflated value of the adaptation trait and health trait to respondents in the
resilience scenario. Further, the most severe impacts of heat stress are expected in Alpine,
Continental and Southern regions; supporting a trend for respondents in these regions to value
the adaptation trait highly (Figure 3.4). In fact, in the resilience scenario, it is only the class
containing disproportionate membership of farmers (resilience class 2, Figure 3.6) that does
not value the adaptation trait highly. In this regard, it is also interesting that the environmental
trait, Methane Emissions, is valued in the efficiency scenario but less so in the resilience
scenario, since continued emissions may not only affect production via market drivers related
to consumer demand but will also have direct effects on animals as emissions contribute to
continued climate change, driving further requirements for robustness and adaptation.
3.5.2 Trade-offs and synergies
Of course, the value increase of traits in the resilience scenario came at the expense of some
traits highly valued in the efficiency scenario. Notably, the yield trait, Protein yield, and the
maintenance trait, RFI; both of which see a substantial decrease in value between scenarios.
Yield traits are rarely considered in contemporary conceptualisations of the future cow (Pryce
et al., 2009; Calus et al., 2013; Friggens et al., 2017). Despite the obvious importance of such
traits to the system, the low value in the context of resilience is indicative of a general
consensus that now sees maximal production as less important than persistent and
undeviating production (Elgersma et al., 2017; Poppe et al., 2020). The reason is clear when
considering that highly productive animals are also more perturbed by variable production
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environments than their genetically inferior herd-mates (Hill and Wall, 2015), and that
maximising short-term gains can come at the expense of longer-term functional fitness
(Friggens et al., 2017; Fuerst-Waltl et al., 2016; Puillet et al., 2016; Rauw et al., 1998; Seedorf
et al., 1998). Similarly, a recent study of trait preferences of German dairy farmers by Just et
al. (2018) found the value respondents placed on a novel health trait came at the expense of
value placed on milk yield.
However, it is less clear why the maintenance trait, RFI, is valued so lowly in the resilience
scenario. Reducing required feed intake for the same unit output has obvious benefits for
efficient production (Connor, 2015), but perhaps the benefits for resilient production are less
clear. Respondents may not be considering the indirect effects of more variable production
circumstances, such as potential reductions in the availability and quality of feed, stemming
from environmental or social pressures (Dellar et al., 2018; FAO, 2017; Thornton, 2010). In a
future that involves such nutritional challenges, the efficient conversion of feed would surely
offer a synergistic opportunity towards resilience and efficiency goals. Therefore, the failure of
respondents to identify this trait as valuable for resilient production suggests a failure in
knowledge exchange, which, if not corrected, may delay top-down support for more
appropriate selection objectives.
The survival trait, DPL, is highly valued in both production scenarios by most respondents. In
this sense, it is seen by many as mutually beneficial trait in terms of future efficiency and
resilience. Improving survival conveys benefits via all three sustainability pillars – economic,
environmental and social – and the high value here is mirrored in other studies (Martin-Collado
et al., 2015; Paakala et al, 2020). In economic terms, increasing longevity will bring substantial
savings to the farm enterprise, not only by reducing young stock requirements but also by
avoiding unnecessary investment in an individual if accurate predictions can be made about
her survival ability at a young age (Pritchard et al., 2013a), this is especially true since heifer
rearing costs are amongst the highest variable costs to the farm (Chamberlain, 2012). In
environmental terms, for roughly the improvements in survival presented to respondents here,
Wall et al. (2010b) estimate reductions in both methane and nitrous oxide of ~20% at the herd
level, driven by a changes in both herd age structure and young stock requirements. Moreover,
in some ways, survival is also beneficial to social concerns such as animal welfare (Oltenacu
and Algers, 2005; Vasseur, 2017). However, as genetic improvement is continual and
accelerating, retaining cows for longer in the herd will increase the genetic difference between
the average cow and the average genetically improved replacement, thus, improving survival
is association with greater genetic lag. In this way, when consideration is given to losses in
maintaining older cows in the herd compared with the opportunity gains of genetically superior
replacements, the economic optimality of longevity may be somewhat reduced (De Vries,
2017). To counteract such losses, researchers may seek the optimal combination of culling
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and reproductive technologies, which is, as yet, undetermined (De Vries, 2017); for example,
using sexed semen (Clasen et al., 2019) and an apt culling index (Kelleher et al., 2015).
3.5.3 Preference heterogeneity
In the present study, we found some socio-demographic characteristics explaining variation in
choices, and resultantly, class membership (full details of which can be found in Appendix E
in SM3). For instance, lower education was a driver of membership to the class placing least
value on the environmental trait, Methane emissions. Previous research has highlighted
similar findings in terms of predictors of trait preference; such as, Just et al. (2018), Makokha
et al. (2007) and Martin-Collado et al. (2014), who found education to be associated with
farmer trait preferences. We also present trait values as a function of respondent region.
However, trends of regional differences in preference seen in Figure 3.4 were not
substantiated by significant associations in the LCM post-estimation.
In our sample, we found profession to be related to membership of one class, meaning there
may be differences in the value of traits between stakeholders in different segments of our
system. If true at the population level, this may indicate a disconnect between stakeholders
implementing genetic change at the herd-level (i.e. farmers), and those directing change at
the national-level (i.e. breeders and researchers). However, given our relatively small sample,
which is unlikely to be representative of the whole stakeholder population, we cautiously posit
this only as an observation. Further research may investigate whether such complex drivers
of preference may prevent unified approaches to selecting for a resilient future cow (MartinCollado et al., 2018), and whether improved knowledge exchange, for example via extension
services or interdisciplinary collaborations in research, can mitigate this eventuality. This is
especially important as the value placed on resilience traits will likely be proportional to the
type and extremity of future perturbations expected by the respondent, however, there is
uncertainty around future production circumstances, and the multifarious risk of not preparing
livestock to deal with such challenges may not be understood by all stakeholders equally
(Barnes and Toma, 2012).
3.6 Methodological reflection
We used a novel application of the conjoint valuation method, Best-Worst Scaling (Louviere
et al., 2015). The method was particularly appropriate, given its ability to return accurate and
robust utility estimates, without requiring a particularly large sample size (relative to more
traditional discrete choice frameworks), as well as its commensuration to approaches useful
in uncovering heterogeneous valuation, such as LCM (Cheung et al., 2018, 2016). The BWS
approach differs from alternative discrete choice experiments where respondents may only be
required to select the best item in each choice set or may be required to rank all items in each
choice set. While the former completely ignores information on the less attractive items, which
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affects the discriminatory power of the approach, especially for those traits that may not
regularly be chosen as best, the latter can be highly cognitively demanding for respondents,
especially when repeated over several choice sets (Mangham et al., 2009; Potoglou et al.,
2011). Additionally, with full rankings, when respondents evaluate a set of items on a latent
subjective scale, it is likely that choices regarding items at the extreme ends of the scale are
more reliable than choices regarding those items in the middle (Helson, 1964; Louviere et al.,
2013). BWS addresses these limitations by capturing some information on the non-chosen
traits, without overburdening respondents with unnecessarily complex tasks (Louviere et al.,
2015). Some recent studies also use pairwise comparison methods, however, licenced
software may be a barrier here (Slagboom et al., 2016b; Martin-Collado et al., 2015), although
this is not always the case (Paakala et al., 2020; Sae-Lim et al., 2012). The method we present
offers an additional option to a growing toolbox of approaches appropriate for deriving trait
values based on preferences, and future research may seek to quantify the dependency of
outcomes on methodological choices. It is important to state that the value we derive from the
choices of respondents is not purely financial, but encapsulates other motivations and values
(Nielsen et al., 2014, 2011), which will drive the heterogeneity found here and in similar studies.
There are some limitations to our study that warrant discussion. As with most survey research,
a larger sample size is usually desired for statistical power (Cohen, 1988); many factors can
affect participation and, in our case, it is likely that completion time might have been a factor
for relatively low sample size in some strata. We also aimed to engage with a broad and
diverse set of stakeholders, which is in contrast to the vast majority of preference-based
research in this field that usually focuses exclusively on farmers without characterising the
views of other important stakeholder groups (e.g. Just et al., 2018; Slagboom et al., 2016b).
Our sampling strategy was appropriate for that purpose; however, if we wanted to obtain a
representative sample of a single stakeholder group, especially of farmers, a probabilistic
sampling approach based on a clearly defined sampling frame is preferable, in terms of
delivering generalizable results. Since a truly representative sample of our target population
was not possible within the constraints of this study, and across stakeholder groups, the results
should be interpreted mindful that there is bias in the sample. With respect to farmers, for
example, it is likely that our results capture the view of farmers with a relatively greater interest
in issues of breeding and genetic selection. Further research should seek a more targeted
sampling approach to explore different views of stakeholder groups across production systems,
which could possibly include a combination of qualitative interviews and workshops to
investigate such trends in more detail. Nevertheless, we did uncover some notable trends,
some of which being significant in our sample, that are reflected in comparable studies noted
previously.
Overall, preference-based approaches can be useful both in complementing conventional
formulation of breeding objectives (Byrne et al., 2016; Sae-Lim et al., 2012), and as a first step
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towards identifying segments of the industry where disparate expectations of future production
may account for some of these differences (Sy et al., 1997). In each case, the outcome
presents opportunities to increase relevance and likely uptake of breeding objectives, either
by better accounting for heterogeneous objectives or by guiding targeted improvements in
knowledge exchange.
3.7 Conclusion
There is clear heterogeneity in the values of genetic improvement under different production
scenarios. Some of this heterogeneity is explained by socio-demographic characteristics of
the respondents, but many trade-offs are ubiquitous. From the efficiency goal to the resilience
goal, we found a substantial drop in value for the yield trait, Protein yield, and the maintenance
trait, RFI. In the same direction, value increases for the adaptation trait, Heat tolerance, and
the health trait, Mastitis resistance. The survival trait, DPL, appears to offer synergistic
opportunities between the two production goals. However, the usefulness of this trait in
promoting resilience will depend on phenotyping across diverse production environments,
where individuals may be exposed to diverse perturbations (Friggens et al., 2017).
As resilience becomes increasingly important, it is likely that a continued reliance on the shortterm economic value of traits alone will lead decision-makers to underestimate the importance
of some traits, including those with substantial contextual values in terms of resilience.
Preference-based approaches, like the BWS method presented here, offer a straightforward
means to achieve the defensible inclusion of such strategic values.
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A stochastic, multi-trait, individualbased simulation model to explore
the performance of dairy cattle over
time, under different climatic
conditions

4.1 Abstract
Up to now, the thesis has focused on the use of empirical models for exploring the value of
breeding objective traits according to stakeholder preferences, where value is conceptualised
in terms of utility. However, as discussed in Chapter 1, process-based simulation models offer
opportunities to explore value in complementary ways. Here, value can relate to the individual
performance of animals, together with financial and environmental outcomes. By representing
the underlying mechanisms of an animal, and its performance across several important
production and functional traits, complexity and inter-dependencies between traits for animals
that are resilience (or not) to environmental challenges can be investigated. In the coming two
chapters, a process-based simulation model is described and applied to investigate the
performance of individuals that are representative of those in a specialist Scottish dairy herd
under different climate circumstances. Here, insight is gained into the impact of climate on
individual and collective performance according to metrics that cover technical, financial and
environmental aspects. This model simulates direct consequences of climate change on
individuals and not indirect consequences caused by changes to feed quality and availability.
4.2 Introduction
This Chapter marks a change of focus for the thesis, from empirical modelling to processbased modelling. Whereas the previous Chapters have conceptualised value in terms of utility,
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we now explore value using a bio-economic modelling framework in order to estimate the
financial and environmental value of resilience at the animal level. As discussed in Chapter 1,
simulation models offer opportunities to represent complex systems towards understanding
the natural processes and inter-connectedness within, which can be especially useful when
exploring scenarios for impact analysis.
The purpose of the research presented in this Chapter is to describe a process-based model
with which we can measure the performance of individuals over time, explicitly reflecting
genetic change in a number of traits, and in scenarios of future climate. With this daily timestep, dynamic model we mimic the daily biological performance and management of
individuals. As in real life, individuals differ in their genetic ability, and, over time, the genetic
improvement occurs, driven by breeding dams to genetically improved sires and subsequent
selection of genetically superior replacements. This, together with stochastic functions in the
model, generates variability in the performance of individuals, resulting in realistic variation in,
and improvement of, technical performance. The performance of individuals is also influenced
by key weather variables, based on scenarios of future climate change. Individual performance
data are collected daily and used to calculate financial consequences and GHG emissions
metrics. The model structure and order of events are presented in the form of pseudo-code,
provided as Appendix A in Supplementary Material for Chapter 4 (herein, SM4). This Chapter
will give a thorough description of the simulation model. An application of the model will be
presented as Chapter 5.
A new model is necessary because existing animal models that may be available for use do
not make the link between weather and technical performance explicit, or do so for production
traits alone at a higher system level (Fodor et al., 2018), which may under-estimate the
complex and inter-connected direct effects of weather on individual animal performance. For
models that do represent individual animals, some do so in a deterministic way at a coarse
temporal resolution (Calsamiglia et al., 2018), which may not be suitable for exploring the
critical impact of short-term weather extremes. In terms of similar individual-based models to
that described in this Chapter (e.g. Kaniyamattam et al., 2016; Dezetter et al., 2017), the
performance of individuals is not affected by weather, and, in addition to this, the specification
of functional traits is not sufficient to explore the value of resilience in production and functional
traits, as is increasingly important in the field of livestock science (Banos and Bingjie, 2021).
4.3 A description of simulated individuals
There are three classes of individual in the model: Dams, Youngstock and Sires. A number of
attributes describe each class; Dams are the most complex individuals, described with the
most attributes, followed by Youngstock, then Sires. All classes have a genetic ability for each
of 7 modelled traits, which can be thought of as their true breeding value (TBV); modelled traits
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are defined fully in Table 4.1, and
include those related to production,
health,

longevity,

fertility

and

maintenance. Dams and Youngstock
also include a number of counter
functions that are incremented with each
day, such as those for age, voluntary
waiting period (VWP), oestrus cycle, etc.;

Koots et al., (1994a; 1994b)

and state functions, such as those
describing

cull

status,

whether

nulliparous, etc.; and a number of other
functions describing their physical state,
such as bodyweight and phenotypic
performance on the aforementioned
traits. Dams carry additional fields such
as

those

to

describe

lactation,

pregnancy and udder health. Sires are
the least complex object class; they
represent genetics only, not the bull
itself, therefore, they only carry a field for
their TBV; they do not require age or
status functions. The primary function of
a Sire object in the simulation is to drive
genetic change.
4.3.1 Simulating genetic ability and
environmental effects
On creation, all individuals except for
offspring created during the simulation
are assigned their TBV in the following
way. The TBV for each individual 𝑗 is
generated as a 7-dimensional random
vector of deviates – one for each trait 𝑖 –
drawn

from

a

multivariate

normal

distribution 𝑇𝐵𝑉𝑖𝑗 = 𝑀𝑉𝑁7 (𝜇, ∑), where
the (co)variance matrix ∑ is a genetic
(co)variance matrix 𝑮 , and the mean
vector 𝜇 is equal to zero except in two
cases: firstly, for Dam objects that
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represent bought in heifers the mean vector 𝜇 is equal to the mean TBV of all first parity cows
and pregnant heifers on that day, and secondly, for all Sire objects the mean vector is the
product of the linear expected daily improvement in each trait with the sum of the number of
days into the simulation upon generation and the number of days of genetic lag, which was
assumed to be 6-years based on simulated results (this also compared well with the results of
comparable simulations, e.g. Kaniyamattam et al., 2016).
Also on creation, and in the same way as the TBV, a vector of permanent environmental
deviates ∆𝐸𝑝,𝑖𝑗 = 𝑀𝑉𝑁7 (𝜇𝑖𝑗 , ∑) is generated, where the mean vector 𝜇 is equal to zero and
where ∑ is the permanent environmental (co)variance matrix 𝑬𝒑 . In addition, for each new day
in the simulation, for all individuals, we generate a vector of residual deviates ∆𝐸𝑡,𝑖𝑗 =
𝑀𝑉𝑁7 (𝜇𝑖𝑗 , ∑) is generated, where the mean vector 𝜇 is equal to zero and where ∑ is the
residual (co)variance matrix 𝑬𝒕 . In each case, deviates were the product of the Cholesky
decomposition of the respective matrix with a vector of standard normal random variates
(Kelton and Law, 2000). The sum of these vectors gives a vector of daily phenotypic deviates
∆𝑃𝑖𝑗 = 𝑇𝐵𝑉𝑖𝑗 + ∆𝐸𝑝,𝑖𝑗 + ∆𝐸𝑡,𝑖𝑗 . These are applied as deviations to baseline phenotypic values
to give a daily phenotype for each trait, for each animal. The baseline phenotypic values are
the mean phenotype of the base generation; the values of which are discussed in detail later.
For offspring created during the simulation, their TBV is the parental average TBV with a
Mendelian sampling term:
1

𝑇𝐵𝑉𝑖𝑗 = (𝑇𝐵𝑉𝑠,𝑖 +𝑇𝐵𝑉𝑑,𝑖 ) + 𝑀𝑆𝑖𝑗
2

Eq. 4.10

Where 𝑠 is sire , 𝑑 is dam, and 𝑀𝑆 is defined similarly as in (Dezetter et al., 2017):
𝑀𝑆𝑖𝑗 = 𝑀𝑉𝑁7 (𝜇𝑖𝑗 = 0, 𝜎𝑖 =

1
2

𝜎𝑔 )
𝑖

Eq. 4.11

Where 𝜎𝑔 is the genetic variance.
We derived the genetic, permanent environmental and temporary environmental (co)variance
matrices as follows. As in Mrode (2014), we assume 𝑷 = 𝑮 + 𝑬 , where the phenotypic
(co)variance matrix 𝑷 and 𝑮 were constructed from data in the literature (see Table 4.2 and
Table 4.3), and where 𝑬 is partitioned into the permanent and temporary environmental
(co)variance matrices 𝑬 = 𝑬𝒑 + 𝑬𝒕 . The partition of 𝑬 begins by calculating the permanent
environmental variances as 𝑑𝑖𝑎𝑔(𝑬𝒑 ) = 𝒕 ∙ 𝑑𝑖𝑎𝑔(𝑷) − 𝑑𝑖𝑎𝑔(𝑮) , where 𝒕 is the intra-class
correlation, which we assume to equal the square root of the heritability for the respective trait
(as in Kaniyamattam et al 2017; 2016). Then, the permanent environmental covariance, the
off-diagonal elements, are calculated as the product of the permanent environmental
correlation of two traits with the square root of the product of the permanent environmental
variances of two traits:
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Table 4.2 Estimates of heritability (on diagonal), genetic correlation (below diagonal), and
phenotypic correlations (above diagonal) used in the simulation and in the derivation of
response to selection.
MY

FY

PY

DL

MAS

NINS

DMI

MY

0.4

0.75

0.94

-0.06

0.35

0.44

0.471

FY

0.58

0.391

0.81

-0.01

0.27

0.31

0.483

PY

0.88

0.71

0.39

-0.04

0.36

0.33

0.483

DL

-0.34

-0.18

-0.21

0.061

-0.02

-0.06

0

MAS

0.32

0.27

0.34

-0.6

0.04

0.02

0

NINS

0.33

0.23

0.23

-0.42

0.28

0.02

0

DMI

0.574

0.682

0.682

0

0

0

0.267

𝑬𝒑

𝒑𝒒∈𝒑≠𝒒

= 𝑐𝑜𝑟𝑟(𝑬𝒑 )𝑝𝑞 ∙ √𝑑𝑖𝑎𝑔(𝑬𝒑 )𝑝 ∙ 𝑑𝑖𝑎𝑔(𝑬𝒑 )𝑞

Eq. 4.12

Where 𝑝 and 𝑞 are matrix indices. In Equation 4.12, we assume 𝑐𝑜𝑟𝑟(𝑬𝒑 ) is equal to 𝑐𝑜𝑟𝑟(𝑬)
as in Kaniyamattam et al., 2017; 2016). This gives 𝑬𝒑 , so then 𝑬𝒕 = 𝑬 − 𝑬𝒑 .
As mentioned, for each individual, their TBV is a substantial driver of their daily technical
performance; however, for management purposes in the model, as in real-life, TBV is unknown.
Instead, each individual has a vector of estimated breeding values (EBVs), one for each trait,
which is used to inform some management decisions such as selection of replacement heifers
and culling of cows during herd-rebalance (more on this later). The EBVs are updated every
4-months to reflect real-life frequency of updates in UK national genetic evaluation systems
(AHDB, 2020). Each element of the EBV is drawn from a normal distribution 𝐸𝐵𝑉𝑖𝑗 =
𝑁7 (𝜇𝑖𝑗 , 𝜎 2 𝑖 ), where 𝜇 for the 𝑖 𝑡ℎ trait for the 𝑗𝑡ℎ individual is defined as the sum of the mean
TBV for the 𝑖 𝑡ℎ trait for all individuals in the same parity as the 𝑗𝑡ℎ individual at that moment
with the product of the accuracy 𝑟𝑖 and the difference between the individual’s TBV and the
mean TBV of all individuals 𝜇𝑖𝑗 = 𝜇 𝑇𝐵𝑉𝑖𝑗 + 𝑟𝑖 ∙ (𝑇𝐵𝑉𝑖𝑗 − 𝜇 𝑇𝐵𝑉𝑖𝑗 ). And where 𝜎2 𝑖 is the prediction
error variance, defined as the product of the genetic variance 𝜎2𝑔 with the difference between
𝑖

2

one and the reliability 𝑟

𝑖

for that trait 𝜎

2

𝑖

=

𝜎𝑔2 𝑖

2

∙ (1 − 𝑟 𝑖 ) (Kaniyamattam et al., 2016;

Dezetter et al., 2017).
In the simulation, we assume artificial insemination (AI) of Sire object genetics using
conventional semen, and no genomic testing of cows or heifers, where the estimated TBV
(EBV) is assumed to derive from phenotypic records of the individual and their progeny.
Reliabilities for non-genomic Youngstock objects were computed as a function of the parental

73 | P a g e

Thesis: Jay Burns
Table 4.3 Input parameters used to calculate response to selection per annum (RTS); refer
to Table 4.1 for units.
Trait

Repeatability

𝝈𝒈

𝝈𝒑

EV

RTS

MY

0.40001

566.05

895.00

-0.001

122.75

FY

0.39101

21.89

35.00

3.17

5.72

PY

0.39001

16.86

27.00

4.76

4.53

DL

0.06101

0.49

1.96

25.4

-0.01

MAS

0.04001

0.06

0.28

-1.756

0.004

NINS

0.02001

0.18

1.27

-132.72

0.01

DMI

0.26701

161.31

416.49

-0.066

47.89

1

average reliabilities 𝑟2 𝑖𝑗 = (𝑟2𝑠,𝑖 ∙ 𝑟2𝑑,𝑖 ) , following (VanRaden and Wiggans, 1991). Sire
4

reliabilities ranged from 59% for the longevity trait (days of life; DL), up to 71% for the
production traits (305-day milk, fat and protein yield), based on typical young genomic sire
data (AHDB, 2021d). Reliabilities for first parity non-genomic cows ranged from 47% for the
longevity trait (DL), up to 65% for the production traits (305-day milk, fat and protein yield),
based on typical non-genomic cow data (AHDB, 2021d). In addition to this, reliabilities for cows
increased according to parity (AHDB, 2021d).
For sires, as mentioned earlier, a linear expected change in each trait is added to their TBV
on creation. For all traits, the response per selection round was calculated using an Excel
spreadsheet program, made available by Julius van der Werf (van der Werf, 2021), which
calculates the correlated response for all traits in the breeding objective. Calculations required
the following inputs: traits, units, heritability, repeatability, genetic correlations, phenotypic
correlations, number of observations and economic values. Response per annum was
calculated as the product of the selection intensity over the generation interval with the
response per selection round; for this, we used values for the 4-pathways as described in
Chapter 3, which are representative of high input dairy production systems. Genetic and
phenotypic correlations are presented in Table 4.2; other inputs, together with response to
selection per selection round and response to selection per annum can be found in Table 4.3.
Details on the calculation of economic values and a sensitivity analysis regarding their relative
weights can be found in Appendix B (SM4).
The index score £EBV was the dot product of the economic value 𝑏 with the EBV for all 7-traits
£EBV = ∑7𝑖=1 𝑏𝑖 ∙ 𝐸𝐵𝑉𝑖 .
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4.3.2 Incrementing counters and statuses
In the simulation, at the start of each day, for all females, counters are incremented and
associated statuses may change. Where relevant, counters include the age counter, voluntary
waiting period (VWP) counter, pregnancy counters, lactation counters, oestrus counters, and
counters associated with mastitis infections. Status changes may include those associated
with weaning, pregnancy testing, lactation, and mastitis infection. Finally, for all individuals,
their residual deviates ∆𝐸𝑡,𝑖𝑗 are re-generated, thus individual technical performance varies
with each day.
At the end of each day, herd-level data is computed and stored together with individual-level
data. At the herd-level, for example, data are collected on yield and composition of bulk milk,
feed consumption, mastitis infections, inseminations, culls, etc. At the individual-level, data is
collected on £EBV (and £TBV), technical performance, and statuses such as those associated
with lactation and culling.
4.4 Baseline performance and phenotypic functions
4.4.1 Growth
In our simulation, body-weight is primarily used to compute feed intake. Body-weight 𝐵𝑊
change of a dairy cow can be modelled as a function of age, lactation stage and gestation
stage (Korver et al., 1985):
𝐵𝑊 (𝑘𝑔) = ƒ1 (𝑎𝑔𝑒) + ƒ2 (𝑙𝑎𝑐𝑡𝑎𝑡𝑖𝑜𝑛) + ƒ3 (𝑔𝑒𝑠𝑡𝑎𝑡𝑖𝑜𝑛)

Eq. 4.13

In our simulation, for individuals less than 5-years old, the function of age was computed as a
linear model with a degree-6 ordinary polynomial evaluated at 𝑎𝑔𝑒, based on data available in
(Coffey et al., 2006). For individuals 5-years old or more, we revert to the function of age as
described by Korver et al. (1985), in Eq. 4.14a-c) describe the difference in weight due to
lactation stage and the additive weight of pregnancy, respectively:

ƒ1 (𝑎𝑔𝑒) = 𝑎𝑔𝑒 ∙ (1 − [1 − (

ƒ2 (𝑙𝑎𝑐𝑡𝑎𝑡𝑖𝑜𝑛) = 𝑃1 ∙

𝐷𝐼𝑀
𝑃2

∙𝑒

𝐵
𝑎𝑔𝑒

1
3

) ∙𝑒

𝐷𝐼𝑀
)
𝑃2

(1−

ƒ3 (𝑝𝑟𝑒𝑔𝑛𝑎𝑛𝑐𝑦) = 𝑃33 ∙ 𝐷𝑃𝐶 3

3
(−𝐶∙𝑎𝑔𝑒)

])

Eq. 4.14a

Eq. 4.14b
Eq. 4.14c

Where 𝐵 is birthweight, 𝐶 is a growth rate parameter, 𝑃1 and 𝑃2 are the maximum and
minimum decrease in bodyweight during the lactation, respectively, 𝑃3 is a pregnancy
parameter, and:
𝐷𝑃𝐶 = {

𝐷𝐼𝐺 − 50 if 𝐷𝑃𝐶 > 0
0
otherwise

Eq 4.15
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Figure 4.1 Growth curve from birth to 5-years old. Orange point estimates are simulated
data based on Coffey et al. (2007), black line is baseline growth curve based on this data,
and red line is growth curve for individual who completes two cycles of gestation and
lactation.

Where 𝐷𝐼𝐺 is days in gestation. The 𝐶 and 𝑃 parameters for Equation 4.14a-c were taken
from the literature, where they were fitted for Holstein and Holstein-Friesians (De Vries, 2001;
Galvão et al., 2013; Korver et al., 1985). The output of this function for an individual up to 5years old can be seen in Figure 4.1, including the effect of lactation and pregnancy.
4.4.2 Reproduction
For all females in the simulation, the reproductive process involves a cycle of events that may
include

oestrus,

ovulation,

insemination,

conception,

embryonic

loss,

and

calving.Replacement heifers, which exist as Youngstock objects in the simulation, are
assumed to reach puberty at approximately 43% of mature body weight (Van Amburgh and
Dalton, 1993); in the simulation, this occurs at 279-days old. Replacement heifers mature from
the Youngstock object class into the Dam object class at approximately 60% of mature body
weight (Margerison and Downey, 2005) , which occurs at 415-days in our simulation and
signifies eligibility for breeding upon their next ovulation. Between reaching puberty and
becoming eligible to breed, replacement heifers are assumed to be in a voluntary weighting
period (VWP); for cows, the post-calving VWP is set at 50-days (AHDB, 2020). During the
VWP, the oestrus cycle continues, but individuals are not inseminated, even when in heat.
Oestrus cycle lengths are set using a truncated normal distribution with min, max, mean and
standard deviation values of 15, 30, 22.7 and 2.9, respectively (Remnant et al., 2015). When
an individual comes into heat and is not in the VWP, she is eligible to breed. The probability
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of heat detection is set to 70% for heifers and cows (AHDB, 2020). If heat is not detected, or
if insemination is not successful (more on this in section 4.4.3), a new ovulation is scheduled.
If heat is detected and insemination is attempted, the known pregnancy status of the individual
is changed from Open to Bred, regardless of insemination success. If insemination is
successful, the actual pregnancy status of the individual is changed and oestrus is interrupted.
For individuals who are Bred, pregnancy testing is scheduled for 30, 90 and 220 days gestation
(AHDB, 2019). On pregnancy testing, if the dam is still pregnant, the known pregnancy status
is updated to Preg. If at any point during the pregnancy the embryo is lost, the actual
pregnancy status reverts back and a new oestrus is scheduled. However, the known
pregnancy status remains unchanged until the next pregnancy test or until the dam is due to
calve; dams are not bred again until their known pregnancy status is Open. There are two
exceptions to this, which are if an embryo is lost before the first ovulation following an
insemination and heat is detected, or conception of a previous insemination is not successful
and heat is detected within 30 days, the animal is inseminated again. Embryonic loss after 260
days is treated as a premature calving (Berglund et al., 2003).
Calving is due at 281 days (Eaglen et al., 2012), at which point there is a 7.9% chance of
perinatal mortality (Brickell et al., 2009), which is defined as stillbirths and mortality within the
first day of life. Regardless of calving success, dams have their calving and lactation
parameters updated accordingly. If the calving results in a stillbirth parturition, there are
consequences to the lactation yield (more on this in section 4.2.4); however, if the calving is
successful, a new Youngstock object is created.
4.4.3 Number of inseminations to conception
When insemination occurs, the genetics are randomly selected from a pool of 30 available
Sire objects, which are generated on a monthly basis.
The trait number of inseminations to conception (NINS) represents fertility in the simulation.
For any dam who is eligible for insemination, her phenotype for NINS is her daily phenotypic
deviations for NINS plus the base phenotype for NINS as reported by Pritchard et al. (2013b),
which is 2.1 for primiparous dams and 2.9 for multiparous dams. The conception event is
specified as a Bernoulli process, where the probability of success is defined as:
(

𝑃(𝑐𝑜𝑛𝑐𝑒𝑝𝑡𝑖𝑜𝑛) =

1
)
𝑁𝐼𝑁𝑆𝑑

1−𝑃(𝑎𝑏𝑜𝑟𝑡𝑖𝑜𝑛)

Eq. 4.16

Where 𝑃(𝑎𝑏𝑜𝑟𝑡𝑖𝑜𝑛) is the probability of abortion, which is fixed at 2% (AHDB, 2019) but
distributed unevenly across the gestation, with greater probability in the first 4-weeks (Diskin
et al., 2016). If the dam conceives, the TBV of the Sire object is stored in a field of the Dam
object for use on successful calving to create a new Youngstock object.
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(a)

(b)

(c)

Figure 4.2 305-day lactation curves by parity, for (a) milk yield, (b) fat yield, and (c) protein
yield.
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4.4.4 Lactation yield
Following a calving event, the dam will lactate. Baseline lactation yields for milk (kg), fat (kg)
and protein (kg) were calculated earlier using UK Holstein-Friesian data (Pritchard et al., 2017),
and the yield curves are presented in Figure 4.2a-c. Each yield trait describes 305-day yield,
so the expected yield for a given lactating cow is the sum of her phenotypic deviations for each
yield trait with the baseline total 305-day yield for the relevant trait and parity. We then apply
the value for the expected yields divided by the baseline total 305-day yield as a scaling factor
to the baseline yield for a given DIM.
However, there may be additional deviations that affect daily lactation yields related to:
pregnancy, a previous stillbirth parturition, non-functioning quarters, and mastitis infections.
Deviations linked to pregnancy depend on the gestation stage of the dam at a given DIM, and
follow the yield losses quantified by Olori et al. (1997). For example, a cow that is pregnant for
two months during her lactation will lose a total of 10.6kg milk, 0.9kg fat and 0.48kg protein,
compared with their non-pregnant contemporaries. For cows who enter their current lactation
after a stillbirth parturition, there is an approximate reduction in yield of 3% for each milk
component (Bicalho et al., 2008). For lactating cows with non-functioning quarters, total yield
is a function of the number and position of remaining active quarters with some compensatory
increase in production from the active quarters (+4.2%), where the front and rear quarters
produce 37.5% and 62.5% of total yield, respectively (Hamann and Reichmuth, 1990). Effects
of mastitis infections on yield are discussed in the following sub-section. Daily yields are
collected from lactating cows that are not infected with a clinical case of mastitis.

Figure 4.3 Weekly baseline mastitis risk across one year for 3 rd parity cow who starts her
305-day lactation in week 1, and is dried off at approximately week 44.

79 | P a g e

Thesis: Jay Burns
4.4.5 Mastitis
During the simulation, some females are at risk of developing mastitis. Susceptible individuals
may succumb to mastitis immediately before calving, during lactation and during the dry period.
The probability of occurrence for both subclinical and clinical cases is a function of lactation
stage, following Seegers et al. (2003) and Østergaard et al. (2005) – see Figure 4.3, and her
phenotypic deviation for mastitis. The mastitis trait describes the risk of at least 1 clinical case
of mastitis during the lactation, therefore the baseline probability for mastitis 𝑃(𝑚𝑎𝑠𝑡𝑖𝑡𝑖𝑠𝑏𝑎𝑠𝑒 )
is described by a set of probability values for each week of the lactation 𝑤 = {𝑤1 … 𝑤44 }:
𝑃(𝑚𝑎𝑠𝑡𝑖𝑡𝑖𝑠𝑏𝑎𝑠𝑒 ) = 1 − ∏44
𝑚=1(1 − 𝑤𝑚 )

Eq. 4.17

As with NINS, for each susceptible individual, a mastitis infection is specified as a Bernoulli
process. For individual 𝑗, the probability of mastitis infection 𝑃(𝑚𝑎𝑠𝑡𝑖𝑡𝑖𝑠𝑗 ) is the sum of the
phenotypic deviation with total baseline risk across the lactation for the relevant parity, but this
time this is used to find a constant 𝑘 to proportionally increase every value of 𝑤 such that:
𝑃(𝑚𝑎𝑠𝑡𝑖𝑡𝑖𝑠𝑗 ) = 1 − ∏44
𝑚=1(1 − 𝑘𝑗 𝑤𝑚 )

Eq. 4.18

This is a degree-44 polynomial in 𝑘, the approximate real solution of which is found using
Brent’s method (Brent, 1973). The resulting 𝑃(𝑚𝑎𝑠𝑡𝑖𝑡𝑖𝑠𝑗 ) is a weekly probability of infection,
which we transform to a daily probability following the approach of (Sonnenberg and Beck,
1993), presented later as Equation 4.26.
As with the yield traits, there are additional factors that may affect this daily phenotype.
Previous incidence of clinical mastitis is known to increase the risk of new mastitis cases, both
within the same lactation and between parities (De Haas et al., 2003; Houben et al., 1993). As
such, if the most recent clinical mastitis case occurred since the last dry-off, this carries an
odds ratio of 1.2 (Østergaard et al., 2005). The increasing risk of mastitis between parities is
dealt with via the baseline risk value, which is dependent on parity, as mentioned. Daily yields
do not directly affect the probability of mastitis incidence, since this association is dealt with
implicitly in our simulation via genetic and environmental correlations.
Susceptible individuals may succumb to mastitis before the lactation yields are collected; the
consequences of infection are dependent on the severity of infection. We assumed incidences
of mastitis infection are subclinical, clinical or permanent severe given the (approximate)
probabilities of 0.411, 0.578 and 0.011, respectively; where permanent severe cases present
as clinical cases but additionally result in the permanent loss of a functioning quarter.
Probabilities are based on those outlined by (Østergaard et al., 2005) for nine mastitis types,
which we weighted according to the distribution of mastitis incidence and aetiology in UK dairy
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Table 4.4 Parameters to estimate reductions in milk, fat and protein yields as a product of
SCC during sub-clinical mastitis infections (Halasa et al., 2009).
Milk

Fat

Protein

Parity

β0

β1

β0

β1

β0

β1

1

0.78

-0.20

33.10

-7.20

17.52

-4.82

2+

1.62

-0.40

54.62

-12.20

39.45

-9.90

systems by Bradley et al. (2007). For mastitis infections that occur during the dry period, these
are usually not seen as clinical cases before calving (Bradley and Green, 2004), so if a
susceptible individual succumbs to mastitis during the dry period, the probabilities of a new
case being clinical or permanent severe are reduced to one-third of those mentioned
(Østergaard et al., 2005).
The consequences of infection primarily affect somatic cell count (SCC) and yields. Firstly,
clinical cases incur a suspension of saleable milk for 7-days. Lasting effects of clinical mastitis
on yields are relative to the time since mastitis occurrence follow a 2-phased linear spline
function based on data from Gröhn et al. (2004) and specified by Østergaard et al. (2005); the
function results in a large initial decrease in yields, returning to near baseline production over
the subsequent 3-week period, and gradually returning to baseline production thereafter. The
effect of clinical cases on SCC follows a 3-phased linear spline function, which is described
by De Haas et al. (2002) and specified by Østergaard et al. (2005); the function results in a
substantial initial increase in SCC, decreasing rapidly at first, then gradually until SCC returns
to the baseline level (baseline SCC is detailed in section 4.4.6). For subclinical cases,
consequences to SCC and yields only occur for the duration of infection. At the onset of
subclinical mastitis, individuals are assigned an increase in SCC of between 100,000 and
600,000 cells per ml based on a uniform distribution; this increase in SCC is also used to
calculate a reduction in milk, fat and protein yields according to the models specified by Halasa
et al. (2009), see Table 4.4.
In the very rare eventuality that an individual has two clinical cases that both have permanent
effects, the individual is culled (this is to prevent rare occurrences where individuals with less
than two functioning quarters remain in the simulation).
4.4.6 Somatic cell count
For lactating cows who do not have a current case of subclinical mastitis or a previous case
of clinical mastitis within the same lactation, the total daily SCC (tSCC) is a function of parity
and DIM (Græsbøll et al., 2016):
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Figure 4.4 305-day somatic cell count (SCC) curves, by parity.

log(𝑙𝑜𝑔(𝑡𝑆𝐶𝐶 + 𝑒𝑥𝑝 1)) (𝐷𝐼𝑀) = 𝑎 + 𝑏 ∙ 𝐷𝐼𝑀 + 𝑒 −𝑒

𝑐 ∙𝐷𝐼𝑀

∙𝑑

Eq. 4.19

Where 𝑎, 𝑏, 𝑐 and 𝑑 are curve parameters fitted for a Danish Holstein-Friesian population
(Græsbøll et al., 2016). Curves describing tSCC by parity can be seen in Figure 4.4. For
lactating cows who have a current case of subclinical mastitis or a previous case of clinical
mastitis within the same lactation, SCC is increased in accordance with the consequences
outlined in the previous section. There is no genetic trait for SCC in the simulation, therefore,
there is no variance between cows with the same key characteristics (for example, parity, DIM
and mastitis history).
4.4.7 Feed intake
The estimation of feed intake is dependent on the life-stage of the individual. We use four
approaches to define feed intake for (i) calves, (ii) replacement heifers, (iii) lactating cows, and
(iv) dry cows. The feed intake of Youngstock objects is only calculated in the simulation to
define an emissions factor (EF) for heifers upon calving and commencing lactation. Only feed
intake of lactating cows is affected by genetic and environmental factors since the feed intake
trait modelled was whole-lactation DMI.
Calves, defined as Youngstock objects up to 6-months old, receive a ration dependent on age.
Calves are weaned at 56 days. Their pre-weaned diet consists of liquid feed (milk replacer)
and solid starter feed (calf nuts). Liquid feed intake follows the parameterisation of automatic
calf feeders in specialist Scottish production systems; with milk intake increasing over the first
week from 5.1–6 litres, then remaining stable for approximately 6 weeks before gradually
reducing to zero over the final two weeks of weaning (John Newbold, Professor of Dairy

82 | P a g e

Chapter 4
Nutrition, personal communications, 2021). Starter feed intake 𝑆𝐹𝐼 (in dry matter; DM) follows
the equation of Silva et al. (2019):
𝑆𝐹𝐼(𝑘𝑔) = 𝛽0 ∙ 𝑀𝐼 ∙ 𝑒

((𝛽2 +𝛽1 ∙𝑀𝐼)∙(𝑎𝑔𝑒−(𝛽4 +𝛽3 ∙𝑀𝐼)))

− (0.12 ∙ 𝑀𝐼)

Eq. 4.20

Where the parameters are dependent on the calf’s milk intake 𝑀𝐼 (litres). In our case, milk
intake is usually >5 litres per day, so 𝛽0 is 0.1255, 𝛽1 is -0.0015, 𝛽2 is 0.0217, 𝛽3 is 1.9508,
and 𝛽4 is -3.5382, respectively (Silva et al., 2019).
For post-weaned replacement heifers, we use the exponential equation for dry matter intake
(DMI) proposed by Hoffman et al. (2008). The authors present this equation as an
improvement over more standard methods of NRC (2001) and Quigley et al. (1986), as they
demonstrate bias in these methods for both light and heavy heifers; the equation of Hoffman
et al. (2008) circumvents these issues, and so is favourable for the inclusion of young
replacement and transition heifers:
𝐷𝑀𝐼(𝑘𝑔) = 15.36 ∙ (1 − 𝑒 (−0.0022∙𝐵𝑊) )

Eq. 4.21

The dietary assumptions for replacement heifers who are less than 6 months old differ to those
who are more than 6 months old.
For lactating cows, we use the approach recommended by NRC (2001). Ellis et al. (2006)
found this approach to incur the minimum cumulative error of three prediction equations when
compared to real feed intake data. The equation was also found to correlate highly (r = 0.840.94) with observed DMI by Vallimont et al. (2010):
𝐷𝑀𝐼(𝑘𝑔) = 0.372 ∙ 𝐹𝐶𝑀 + 0.0968 ∙ 𝐵𝑊 0.75 ∙ (1 − 𝑒

(−0.192∙(

𝐷𝐼𝑀
+3.67))
7

)

Eq. 4.22

Where 𝐹𝐶𝑀 is 4% fat-corrected milk, calculated as 𝐹𝐶𝑀 = 0.4 ∙ 𝑀𝑌 + 0.15 ∙ 𝐹% ∙ 𝑀𝑌, where
𝑀𝑌 is milk yield (kg) and 𝐹% is the fat content of milk. The feed intake trait in the simulation is
whole-lactation DMI, so, similarly to how lactation yields are derived, the expected DMI for a
given lactating cow is the sum of her phenotypic deviation for the DMI trait with the baseline
mature whole-lactation DMI. We then apply the value for the expected DMI divided by the
baseline mature whole-lactation DMI as a scaling factor to the baseline DMI for a given BW
and DIM. Here, FCM follows the baseline phenotype for the individual’s parity and DIM, since
associations with feed intake are already dealt with via genetic and environmental correlations.
Finally, DMI of dry cows is assumed to be 12.5 kg/day (AHDB, 2021e). For each of these
approaches, the actual ration was formulated according to dietary energy requirements, based
on bodyweight, milk production, gestation stage and season (Lorna MacPherson, Senior Dairy
Consultant, personal communications, 2021). In total there were 4 feed classes: pre-weaned
calves, post-weaned calves (up to 6-months), heifers (up to first calving), lactating cows, and
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Table 4.5 Mortality rate at key life-stages from early-life to productive-life.
Lower bound

Upper bound

Mortality rate

Reference

0

1-d

0%*

Brickell et al., 2009

1

180-d

6.8%

180-d

Breeding

3.5%

Breeding

AFC

4.2%

AFC

2nd calving

22%

Marco Winters (AHDB, personal

2nd calving

3rd calving

26%

communications, 2017)

3rd

4th

calving

29%

4th calving

5th calving

29%

5th

6th

calving

35%

6th calving

7th calving

43%

7th calving

8th calving

49%

8th calving

9th calving

50%

9th calving

10th calving

50%

calving

calving

*Mortality in the first day is dealt with in the perinatal mortality probability, which is applied at calving.

dry cows. For lactating cows, feed composition depended on season due to assumptions on
whether individuals would be housed or outdoors; these assumptions and associated rations
are detailed in Chapter 5.
4.4.8 Death and culling
In the simulation, death and culling are modelled jointly. Each day, females in the simulation
have a probability of death and culling that is determined as a function of their expected DL
and their current life-stage, the upper and lower age-limits of which can be found in Table 4.5.
The trait DL describes the expected days alive from birth to death, the daily value of which for
a given individual is the sum of the baseline DL with her daily phenotypic deviation for DL. For
individual 𝑗, the value DL is used to calculate a unique daily probability of death and culling.
The probability individual 𝑗 will die during the 𝑛 th life-stage 𝑙𝑠 is calculated as 1 minus the
probability that individual 𝑗 will die before 𝑙𝑠𝑛 :
𝑃(𝑠𝑢𝑟𝑣𝑗,𝑙𝑠𝑛 ) = 1 − 𝑃(𝑑𝑖𝑒𝑗,𝑙𝑠𝑛 )

Eq. 4.23

Where 𝑃(𝑑𝑖𝑒𝑗,𝑙𝑠𝑛 ) is calculated as:
0
if 𝑙𝑠𝑖 = 0
𝑃(𝑑𝑖𝑒𝑗,𝑙𝑠𝑛 ) = { 𝑙𝑠
2)
∫−∞ 𝑁(𝜇, 𝜎 + 𝑃(𝑑𝑖𝑒𝑗,𝑙𝑠𝑛 −1 ) otherwise
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(a)

(b)

Figure 4.5 Input and output of the days of life trait, where (a) depicts the probability density
function for survival based on data in Table 4.5 versus if probability is predicted as described
in section 4.4.8. And (b) shows the effect of the days of life trait, describing death and culling
on lactating cows, on the frequency of cow losses by month from first calving (data from 90
iterations of our simulation excluding weather effects).
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Where the mean 𝜇 of the normal distribution is the unique daily value of DL for individual 𝑗 (as
described above) and the variance 𝜎 2 of the normal distribution is calculated from mortality
rates at life-stages shown in Table 4.5 (see Figure 4.5a for probability density functions based
on actual data versus based on values predicted from this approach). Using 𝑃(𝑠𝑢𝑟𝑣𝑗,𝑙𝑠𝑖 ), we
then calculate a unique mortality rate for individual 𝑗 in 𝑙𝑠𝑖 , and relevant to their unique daily
value of DL, as:
𝑚𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦 𝑟𝑎𝑡𝑒𝑗,𝑙𝑠𝑖 = 1 −

𝑃(𝑠𝑢𝑟𝑣𝑗,𝑙𝑠 )
𝑖

Eq. 4.25

𝑃(𝑠𝑢𝑟𝑣𝑗,𝑙𝑠 −1 )
𝑖

This rate of death and culling over the duration 𝑡 of a given life-stage is converted to a daily
probability of death and culling on a given day within that life-stage as (Sonnenberg and Beck,
1993):
1

𝑃(𝑑𝑎𝑖𝑙𝑦 𝑑𝑒𝑎𝑡ℎ𝑗,𝑙𝑠𝑖 ) = 1 − (1 − 𝑚𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦 𝑟𝑎𝑡𝑒𝑗,𝑙𝑠𝑖 ) 𝑡

Eq. 4.26

Where we assume the probability of death and culling occurs at a constant rate in the specified
time. Figure 4.5b illustrates the frequency of losses by month from first calving, which aligns
with real-world data presented by Pritchard et al. (2013b).
4.5 Climate scenarios and weather variables
The phenotypic functions described above were also developed to represent individual
performance under different climate scenarios. In this case, for each day in the simulation, the
baseline phenotypes are dynamic to daily weather events, following known relationships
between the phenotype and weather. Here, ‘weather’ describes the daily temperature-humidity
index (THI) and the occurrence of heat waves. In this sub-section, the sourcing and processing
of this daily weather data will be presented; in the next sub-section (section 4.6), the specific
relationships between phenotype and weather will be presented.
The Met Office local climate model provides daily weather predictions on a 2.2km2 grid over
the UK from 2021-2040 according to an ensemble of 12-climate models. For each climate
model, there is an associated baseline period 1981-2000, which we used to recalibrate
thresholds for weather effects on modelled phenotypes, specifically with regard to the fertility
and mortality traits, described in more detail later. Predictions from these models are
downscaled from global projections (PPE-15) using the Hadley Centre model (HadREM3GA705) by the Met Office. The local climate model predictions form part of a wider suite of
climate predictions published as part of the UK Climate Projections 2018 (UKCP18) (Lowe et
al., 2019) report, which provides probabilistic, global, regional, local and derived predictions
spanning spatial scales from 2.2 to 60 km2 and temporal scales from sub-daily to annual. The
local projections used in our simulation have full spatial and temporal coherence (Lowe et al.,
2019). Full details of UKCP18 climate predictions, along with comparisons to historical climate

86 | P a g e

Chapter 4

Figure 4.6 Relative frequency of daily THI1 values across all days of one weather scenario,
illustrated with a Kernel-density plot.

values can be found in the UKCP18 guidance, factsheet and science reports (Met Office,
2021), and the Land Projections Science Report (Murphy et al., 2019).
The projections used in this study are based on the representative concentration pathway 8.5
(RCP8.5), which corresponds to a high emissions scenario where fossil fuel use continues
relatively unabated (see Appendix C SM4). The choice of RCP8.5 over other emissions
scenarios (RCP2.6, RCP4.5 or RCP 6.0) was driven by data availability. The 2.2 km2 local
climate model predictions from the 12 model ensemble are only available under the RCP8.5
scenario due to the high computational costs associated with generating such predictions. We
acknowledge that understanding the impact of climate change on dairy cattle production under
other emissions scenarios would be valuable; however, the probabilistic projections available
for other scenarios (daily scale at 60 km2 grid over the UK) are not suitable for use with our
model because they are not downscaled, and therefore do not represent extremes sufficiently.
This means they are not suitable for impact analyses such as the current study; an issue that
is discussed further in the UKCP18 Guidance documents (Met Office, 2021). In short, using
these less resolved predictions would fail to drive our simulation in a representative way, and
so lead to spurious results.
We used predictions for the 2.2 km2 area around Crichton Farm, Dumfries, which is in
southwest Scotland, the main dairy production region of Scotland. This area is also the location
of the Langhill herd, data from which directly inform some of the weather-phenotype
interactions modelled in the current simulation (Hill and Wall, 2017, 2015). The daily weather
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variables: relative humidity, mean temperature, and maximum temperature, were used to
calculate four measures of heat stress that are used to define relationships between weather
and the baseline phenotype of our traits; these included three metrics for THI (respectively,
NRC, 1971; Kelly & Bond, 1971; Kibler, 1964):
𝑇𝐻𝐼1 = (1.8 ∙ 𝑇𝑑𝑏 + 32) − (0.55 − 0.0055 ∙ 𝑅𝐻) ∙ (1.8 ∙ 𝑇𝑑𝑏 − 26)

Eq. 4.27

𝑇𝐻𝐼2 = 𝑇𝑑𝑏 − 0.55 ∙ (1 − 0.01 ∙ 𝑅𝐻) ∙ (𝑇𝑑𝑏 − 14.5)

Eq. 4.28

𝑇𝐻𝐼3 = 1.8 ∙ 𝑇𝑑𝑏 − (1 −

𝑅𝐻
100

) ∙ (𝑇𝑑𝑏 − 14.3) + 32

Eq. 4.29

Where 𝑇𝑑𝑏 is dry bulb temperature (°C) and 𝑅𝐻 is relative humidity. We used the same
equation for THI as used in the respective phenotypic studies (presented in section 4.5),
however, all pairs of THI metrics were very highly correlated (r(5398) >0.99, p <0.001). Figure
4.6 is a kernel-density plot showing the distribution of one THI metric over the duration of our
simulation.
For heat waves, we use the McCarthy et al. (2019) definition, which describes a heat wave as
a period of three or more days in which the maximum temperature is within the 90 th percentile
maximum temperature for July for the baseline period.
4.6 Weather effects on baseline phenotypes
Weather is known to affect the phenotypic performance of cattle. In all cases, we used
estimates of these relationships from studies of Holstein-Friesians in temperate climates.
Figure 4.7a-h gives an overview of the functions, which are described below. Daily weather
variables do not affect other on-farm processes such as crop and forage production.
For milk yield, fat yield and protein yield, we use the deviations described by Hill & Wall (2015),
where increasing weekly mean THI (or 3-day mean THI in the case of protein) is linked to an
overall decrease in yields. At zero deviation, which we set as their reported mean THI value
for the study period (THI 48.8), there is no effect of THI on the baseline phenotypes. However,
above or below this value, a rate is applied to the baseline phenotype that reflects the
proportional change in yield reported by the authors. For the milk yield trait, the rate is applied
to kg product; for the fat and protein traits, the rate is applied to percentage content, consistent
with the relationships as described by Hill and Wall (2015). The relationship between
production and THI is slightly different for each trait, for example, with milk yield, there is a
small initial increase in yield related to increasing THI before a rapid decline, whereas for
protein the negative association is linear. These effects of THI in the days preceding the test
day on milk and component yields are reflected by other studies based in warmer climates,
although notably the thresholds are shifted to higher values of THI (Bernabucci et al., 2014;
Brügemann et al., 2011; Gernand et al., 2019; Hammami et al., 2013).
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

Figure 4.7 An illustration of functions used to relate weather variables with baseline
phenotypic performance for the seven traits (a) milk yield, (b) fat yield, (c) protein yield, (d)
mastitis incidence, (e) mortality risk due to cumulative heat stress, (f) mortality risk during
days following heatwave, (g) conception rate, and (h) dry matter intake. Note, for
consistency with the studies from which functions were sourced, different THI metrics are
used for each trait.
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The effect of THI on mastitis susceptibility is also well known; as THI increases, so does the
incidence rate of mastitis infections. Higher temperature and humidity has been linked to a
multiplication of pathogen carriers (Das et al., 2016), and higher counts of mastitis-causing
bacteria on bedding (Olde Riekerink et al., 2007). There are few published estimates of this
relationship for dairy cows in temperate climates, although Gernand et al. (2019) report a linear
increasing incidence of mastitis with THI in the first 10-days lactation in a European
Continental temperate climate, and Hammami et al. (2013) describe the relationship between
THI and the mastitis indicator trait somatic cell score in a European Atlantic temperate climate.
We chose Gernand et al. (2019) as their estimates were readily translated into our simulation
and more consistent with our mastitis trait. A number of other studies define the relationship
between mastitis and THI in warmer climates, although, as with yield, higher thresholds are
notable (Das et al., 2016; Gernand et al., 2019; Jingar et al., 2014; Morse et al., 1988; Olde
Riekerink et al., 2007; Vitali et al., 2020).
Fertility is impacted by heat stress via numerous pathways. These impacts are reviewed in
detail by De Rensis & Scaramuzzi (2003), but include delaying the onset of oestrus in heifers,
decreasing the expression of overt oestrus for heifers and cows and, importantly for this study,
decreasing the rate of pregnancy per insemination. The latter is consistent with our fertility trait,
NINS, and parameters for the relationship with THI are also made available by Gernand et al.
(2019). However, unlike with mastitis, this is not a linear relationship; authors define a plateau
between THI ~40-60, either side of which pregnancy rate declines, with a substantial decline
in fertility observed above their suggested heat stress threshold of THI 65. In this case, we are
cognizant that the distribution of daily THI during the study period of Gernand et al. (2019)
reflects a much greater THI than for our simulated system, and consequently may
underestimate this relationship for European North Atlantic temperate production
circumstances. Authors state that ~30% of insemination days per year were conducted under
heat stress, therefore, we recalibrated the heat stress threshold to the 70th percentile THI value
for the baseline period of our simulated production circumstances. This is consistent with
evidence suggesting heat stress thresholds do vary between production systems (Brügemann
et al., 2011).
Despite the major economic burden of livestock mortality, the effect of heat stress on death
has received comparatively less attention than with our other simulated traits. However, the
relationship is known and has been quantified (Bishop-Williams et al., 2015; Cox et al., 2016;
Morignat et al., 2015; Vitali et al., 2009). We used a combined approach to model the effects
of temperature-stress on mortality, including an increased risk associated with consecutive
days with high values of THI, derived for a majority Holstein-Friesian population in Italy
(Crescio et al., 2010). Here, the odds-ratio of mortality is generally greater for consecutive
days with THI values above a threshold (defined by authors as the 65th percentile THI for the
months of June-September during 2002-2006). Again, we recalibrated this threshold as the
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65h percentile THI value for the baseline period for our simulated production circumstances.
In addition to daily THI, we include an increased odds-ratio of mortality associated with the
three days following a heatwave event. These odds-ratios are derived from Vitali et al. (2015),
and use the definition of heat-wave events described earlier (which also correspond well to
heat-stress days specified according to Crescio et al. (2010) for the aforementioned mortality
function).
Finally, in our simulation, higher values of THI reduce DMI. We assume this is a substantial
factor driving all other weather effects on phenotypes; for example, West et al. (2003) and De
Rensis & Scaramuzzi (2003) describe causal links between reduced DMI due to heat stress
and losses in production, and fertility and reproduction, respectively. For deviations in feed
intake relative to THI, we use those presented by Hill & Wall (2017). In this case, DMI is stable
(undeviating) until THI ~50, at which point it declines rapidly. As with the yield traits, we use
this relationship to define a rate that reflects the proportional change in the baseline phenotypic
DMI relative to the daily THI, where zero deviation is set to the mean THI for their study period
(THI 48.8). The depression of DMI under heat stress conditions is well known in dairy cattle
systems, for example, Gorniak et al. (2014) report a similar relationship for Holstein-Friesians
in European Continental temperate climate to that reported by Hill & Wall (2017). Additionally,
a number of studies report reductions in DMI in heat stress conditions in warmer climates,
albeit again at higher thresholds of THI (Bouraoui et al., 2002; Holter et al., 1997; West, 2003).
All of these weather-driven deviations to baseline phenotypes are applied to individuals once
they commence lactation. Before this, the baseline phenotype is not directly affected by daily
weather variables in the simulation. This is because the weather-driven deviations cannot
sufficiently alter lifetime trajectories of Youngstock objects to offset reductions in their DMI at
high values of THI. Thus, technical performance of Youngstock objectives would be
disproportionately benefited by high values of THI reducing their DMI without associated
negative consequences to productive and functional traits. Future iterations of this model may
include such traits that would permit the inclusion of weather effects on lifetime trajectories for
Youngstock objects, which could affect, for example, growth rate and normal expression of
oestrus (Wang et al., 2020).
4.7 Management of individuals
In the simulation, the total number of individuals will vary day-to-day as cows are dried-off, or
involuntarily cullied and heifers commence lactation after calving; see Figure 4.8a. However,
the number of lactating cows is maintained at approximately 200 individuals at any time via
management functions. Every week, if herd size is outside of the given thresholds (200±5
lactating cows), the herd is rebalanced. If there is a deficit of lactating cows, and there are no
calvings due during the next week, the model buys in a number of 280-day pregnant heifers
equal to the deficit. Alternatively, if there is a surplus of lactating cows, all non-pregnant
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(a)

(b)

Figure 4.8 Visualisations of simulation steady state based on (a) object status as
simulations burn-in and achieve a steady state and (b) herd age structure during a
simulation that samples a steady-state herd as a starting point (note, no unusual variability
in the early years as can be seen in (a)).

lactating cows who are >200 days post-calving are ranked according to their £EBV, with a
number of the lowest ranking equal to the surplus culled. When culling, it is also possible that
~20% of the surplus will be culled according to performance on fertility and mastitis (this is
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primarily to avoid unusual situations in which the cumulative phenotype results in a very poor
technical performance, which is especially important for these phenotypes with binary
outcomes). In this case, if there are any individuals in the herd with ≥3 cases of clinical mastitis
in the current lactation, or who are not pregnant and have a calving interval >200-days, then
up to ~20% (total) of the surplus can be culled for these reasons. In practice, when available,
phenotypic records have a strong influence on selection and culling decisions, especially for
individuals with sufficient performance data. However, the model does not attempt to simulate
the various ways in which farmers might implement phenotypic selection or culling. Instead,
since many aspects of technical performance will be linked to an individual’s TBV, it follows a
parsimonious approach to selection that balances model complexity with the objective of
improving average TBV across time.
Youngstock objects enter the simulation as calves. As mentioned, surviving females are
weaned after 56-days, consistent with current practice in specialist Scottish dairy enterprises.
On a day between weaning and 6-months after weaning, all calves in this age range are ranked
and selected according to their £EBV. The proportion of replacements selected 𝜌 is calculated
as a function of the expected survival of all individuals:
𝜌 = (∑𝑙𝑠[𝑆𝑙𝑠 𝐶𝑙𝑠 ] )−1

Eq. 4.30

Where 𝑙𝑠 is the life-stage, 𝑆 is the probability of survival, and 𝐶 is the probability of calving.
Non-selected calves leave the simulation. Male calves leave the simulation on the day they
are born. This function helps maintain a constant herd size that is dynamic to a variable herd
age structure. All management functions are independent of weather variables in the
simulation.
4.8 Implementing simulations: burn-in and replicates
In order to obtain robust estimates from the simulation, burn-in and replicates were required.
It took approximately 8-years for a simulation to reach steady state, which was determined by
visual observation, assessing where mean and variance do not change when shifted in time;
see Figure 4.8a-b. We replicated simulations under two scenarios: a control scenarios, where
the baseline phenotype of traits is not dynamic to daily weather; and a treatment scenario,
where the baseline phenotype of trait is dynamic to daily weather. In the treatment scenario,
daily weather was based on the 12-model ensemble described earlier. We used 90 replicates
of each – approximated based on visual observation of the coefficient of variation; Figure 4.9
– which gave 1170 simulations in total. Rather than discarding the first 8-years of each
replicate to burn-in, we created a pool of 45 herds that had reached the steady state. Before
storing a steady state herd, we calculated the mean vector of TBV for all individuals, and
subtracted this from their respective TBVs, meaning the mean TBV of all individuals in the
steady state herd are approximately zero. Therefore, when testing our scenarios, the algorithm

93 | P a g e

Thesis: Jay Burns

Figure 4.9 Simulation steady state visualised using coefficient of variation with model
outputs: energy corrected milk (ECM) and dry matter intake (DMI).

begins by randomly selecting a herd from the pool of 45 herds as a starting point. In
establishing this pool of herds, functions representing fertility, mastitis and mortality were fixed
to baseline performance to prevent genetic improvement affecting herd structure over the
burn-in period.
4.9 Model output and application
The objective of this chapter was to give a detailed description of the simulation model that
was developed to estimate the value of resilience to climate change at the animal level. The
output of this simulation model is a large data frame containing daily technical performance
for all individuals (e.g. milk production, SCC, number of inseminations, age at first calving, DMI
etc.). The data frame also contains technical data at the herd-level (e.g. number of calvings,
calving index, number of bought-in heifers, number of lactating animals, etc). From these
technical outputs, we can calculate the economic and environmental performances; these
calculations are described fully in Chapter 5 (section 5.3).
This model was developed with the capability to quantify the value of phenotypes that are
dynamic to weather (or not: i.e. resilient to changing weather), which is especially important
given expected negative impacts of climate change (IPCC, 2021). Chapter 5 describes an
application of this model towards this aim, it also provides a reflection on the ability of the
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model to mimic the biological performance of individuals and complexity of the system
compared with real-world data and other relevant simulation models.

95 | P a g e

Thesis: Jay Burns

96 | P a g e

Chapter 5
An investigation of the technical,
financial and environmental
performance of dairy cattle under
future climate circumstances

5.1 Abstract
Following on from the detailed description of the stochastic, multi-trait individual-based model
in Chapter 4, this chapter will present the findings of an application of it.
Climate change will have direct effects on the performance of livestock, and simulations that
seek to mimic the performance of livestock systems into the future risk misrepresenting
performance if these direct effects are not accounted for. In this Chapter, the technical,
financial and environmental performance of individuals in a specialist Scottish dairy herd,
under genetic selection, was investigated using a simulation model. There were two scenarios:
in the control scenario, the technical performance of individuals was not affected by daily
weather; in the treatment scenario, the technical performance of individuals was dynamic to
daily weather variables, which were based on 12 downscaled daily weather projections for the
major dairy producing region of southwest Scotland. The simulation ran for 20 years into the
future, with daily performance data collected at the individual- and herd-level. A key aspect of
individual performance was the daily phenotype of 7 (correlated) traits, which included
production and functional traits representative of trait groups comprising contemporary dairy
breeding objectives. Individuals varied in their genetic ability for these traits, which, together
with stochastic functions, introduced realistic variation into the daily performance of individuals.
Results show that estimates of technical, financial and environmental performance are
significantly different between the control and treatment scenarios, and that climate change
will affect performance of individuals, and herds, over the next two decades, even in the
temperate dairy producing region of southwest Scotland. Accounting for weather effects on
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the technical performance of individuals in the current model reduced relative gains in gross
margin by 2.4% and reduced relative gains in greenhouse gas (GHG) emissions intensity by
2.3%. Therefore, failure to account for weather effects in individual-based models that simulate
performance into the future will likely lead to over-estimation of technical, financial and
environmental performance.
5.2 Introduction
Individual-based models (IBMs) that evaluate the performance of livestock under different
scenarios of production circumstances are increasingly useful. In dairy cattle research, IBMs
have already provided insight into the technical and financial consequences of crossbreeding
strategies (Dezetter et al., 2017), and the financial and genetic consequences of technology
adoption such as sexed semen and female genotyping (Bérodier et al., 2019). IBMs have also
provided an economic comparison of reproductive strategies, for example oestrus detection
versus timed artificial insemination (Galvão et al., 2013), and demonstrated the economic
consequences of breeding for reduced reliance on antibiotics (Kaniyamattam et al., 2020).
These models are useful as they allow researchers to mimic the biological performance of,
and variation between, individuals over time, and to test scenarios where experimental
conditions may be prohibitively expensive or which cannot be reasonably investigated with
empirical studies.
These models usually include stochastic elements. For example, variation between individuals
may be based on the distribution of the phenotype for a given trait (e.g. milk yield). Using this
framework, the effects of genetic selection can also be modelled by applying an incremental
change to the mean of the genetic distribution over time for newly created individuals,
representing a response to selection in the modelled trait (or traits). In some cases, the
phenotype is partitioned as a function of genetic and environmental (or residual) variance
components, where an individual’s daily phenotype is the sum of their genetic, environmental
and residual components. In this way, genetic merit can be modelled across generations in
the simulation. Individuals in the simulation may then be selected according to these values
directly, as a True Breeding Value (TBV), or by estimating this genetic merit, as an Estimated
Breeding Value (EBV). Genetic progress has been incorporated into IBMs in a manner like
this, but usually only for production traits (Ettema et al., 2011; Hossein-Zadeh et al., 2010).
Recently, however, Kaniyamattam et al. (2016) promoted the use of multi-trait models that use
genetic and environmental (or residual) variance-covariance structures to account for
correlations between multiple traits, in order to prevent simulation results being biased by
ignoring unfavourable correlations between phenotypes under evaluation. In this way,
variance components of phenotypes are drawn from multivariate distributions, whereas, for
example, Ettema et al. (2011) model genetic change in milk yield without modelling a
correlated response of fertility, despite fertility being an important phenotype in their research
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design. Using a multi-trait approach circumvents issues arising from studies that model genetic
progress in production traits but ignore unfavourable correlations of functional traits, such as
longevity, health and fertility (Kaniyamattam et al., 2016); if unfavourable correlations are
unaccounted for, some aspects of technical performance will be misrepresented, for example,
mortality, disease incidence and conception rates.
Additionally, modelling a broader set of genetic traits presents the opportunity to estimate a
selection response for each trait in a more robust manner. As an input, selection response has
previously been estimated from expert knowledge (Hossein-Zadeh et al., 2010), or using
historic trends in EBV for modelled traits (Dezetter et al., 2017). It may also be estimated using
open-source tools (Gaynor et al., 2021; van der Werf, 2021) with some of the same genetic
parameters used to model the multivariate distribution of included traits. Alternatively, one
could use the expected gains specified in genetic selection index reports (Kaniyamattam et al.,
2016; VanRaden et al., 2018); although, this is only possible when multi-trait models include
all traits and associated parameters of a real-world selection index. With this framework,
researchers can draw on genetic parameters to explore consequences of breeding and
management scenarios whilst accounting for expected genetic improvements for several
correlated traits (Bekara and Bareille, 2019). Notably, selection response can also be an
output with this type of IBM, where the consequences of genetic strategies can be explored
directly (Chawala et al., 2021).
In any case, for these types of IBM, an individual’s technical performance is derived as a
function of their phenotypic deviation (often comprised of genetic and environmental and/or
residual components, as discussed earlier) and a baseline phenotype assumed in the
simulation. Of course, this relies on the accurate representation of phenotypes within the
simulation, which is not always straightforward, especially for composite or probabilistic traits.
In some studies, the challenge is such that authors choose not to explicitly model some traits,
instead modelling their contribution to individual performance as an economic value adjusted
for the expected productive life of an individual directly (Kaniyamattam et al., 2016). However,
for traits that can be accurately represented, an important assumption in the simulation is what
value the baseline phenotype should take. For example, milk yield may be obtained by
deviating the expected yield of an individual on a given day in milk (DIM), corresponding to a
lactation curve (e.g. a Wood’s curve (Wood, 1976)), by their phenotypic value for the trait
(Bérodier et al., 2019). In this way, the baseline milk yield is dynamic to characteristics of the
individual, such as DIM or breed (Dezetter et al., 2017). However, these baseline phenotypes
have not yet been modelled as dependent on climatic aspects of the production environment.
This is increasingly relevant, given that simulations can run substantially into the future (with
examples up to 25-years) and, within such timeframes, the production environment is
expected to change (IPCC, 2021). Increasing frequency and intensity of extreme weather
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events, together with incremental shifts in mean weather conditions are likely to create
challenging future production environments, with adverse climate trends expected to continue
until at least the middle of this century (IPCC, 2021). This is driving livestock researchers to
consider the resilience of future systems (Berry, 2017; Horan and Roche, 2019), where
resilient cows are minimally affected in their functioning by environmental disturbances or
recover quickly from them (Poppe et al., 2021a). Relationships between the phenotype and
weather are well known for a number of traits (Das et al., 2016), for example, between heat
stress and: production traits (Hill and Wall, 2015), longevity (Crescio et al., 2010; Vitali et al.,
2015), health and fertility (Gernand et al., 2019), and maintenance (Hill and Wall, 2017). If
researchers aim to more accurately represent the technical performance of individuals in a
herd, failure to account for weather-driven phenotypic plasticity may misrepresent the
estimation of consequence for scenarios under evaluation.
With this type of simulation, improved access to computational power and freeware or opensource modelling environments mean testing more scenarios in greater detail is increasingly
at hand. This includes scenarios that account for aspects of individual resilience when
modelling future phenotypes, which is important both within and across simulated years to
account for seasonal and longitudinal changes, respectively. Therefore, the objectives of this
study are to (i) use a multi-trait individual-based model to simulate dairy cattle under selection
that are representative of individuals in a specialist Scottish dairy system, where the model is
capable of estimating technical, financial and environmental (GHG) performance over time,
and (ii) using meaningful scenarios of future weather, to investigate differences in technical,
financial and environmental results from the simulation, depending on whether phenotypic
plasticity are made explicit in the model’s phenotypic functions.
5.3 Method
To investigate the technical, financial and environmental performance of individuals that are
representative of those in a specialist Scottish dairy herd, under future climate circumstances,
we used a dynamic, stochastic, individual-based model. The simulation maintained individuals
(calves, youngstock and dry cows) to support 200 lactating cows. Lactating cows were
assumed to be housed for 6 months per year (October – March, inclusive), and housed part
of the day for the remainder, as is the most common production system in the United Kingdom
(UK) (March et al., 2014); a manure management system comprising liquid slurry with natural
crust cover is assumed for the housed period. We assumed no adoption of climate mitigation
technologies or practices by the farmer. This model simulates individuals from conception to
death or culling over 20-years at a daily time-step. The performance of individuals was affected
by 7-traits of economic importance, these are: milk yield, fat yield and protein yield (production),
days of life (longevity), probability of mastitis infection (health), number of inseminations to
conception (fertility), and dry matter intake (maintenance). Main interactions of production,
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reproduction and health occurring during the productive lifetime were integrated. On creation,
individuals were stochastically assigned values for each trait, representing (i) their genetic
merit and (ii) a permanent environmental effect. Stochastic residual effects and daily weather
conditions, together with other characteristics of the individual, such as parity and disease
history, affect the daily performance of individuals across all measured traits. Genetic change
was driven primarily by sires and, to a lesser extent, from management decisions such as
selection and culling. Sires were assumed to be genetically independent of all individuals, and
followed predicted genetic progress for the 7-traits, which was calculated separately and
added as an input to the model. This simulation is not an optimisation model, therefore,
management rules remained static between climate scenarios and across time. A full
description of the technical aspects of the model, including accounting for correlations between
traits (for genetic, permanent environmental and residual effects), the daily phenotypic
functions and associations with daily weather, and pseudo-code are presented in Chapter 4.
The explicit weather-dependence of daily phenotypes enables prediction of the degree and
extent of weather effects on performance. In the simulation, weather affects daily yields, feed
intake, and rates of mortality, mastitis and conception. This allows us to capture the cumulative
impact of seasonal and long-term weather variations on the performance of individuals.
Weather conditions followed downscaled daily weather projections for southwest Scotland, the
main dairy producing region of Scotland. These daily weather parameters are provided by the
Met Office as part of the UK Climate Projections 2018 (UKCP18) report (Lowe et al., 2019).
We used local projections, which are available at a 2.2 km2 grid over the UK, downscaled from
the global projections of the Hadley Centre model (HadREM3-GA705). The projections consist
of several available weather variables predicted at a daily temporal scale for 1981-2000, 20212040, and 2061-2080; variables include temperature (minimum, maximum and mean) and
relative humidity. Datasets related to the ensemble of 12 climate models are only available
under the representative concentration pathway 8.5, which the UKCP18 overview report
describes as “a world in which global greenhouse gas emissions continue to rise… where the
nations of the world choose not to switch to a low-carbon future and so can reasonably be
considered to represent a worst-case scenario” (see Chapter 4 for more details) (Lowe et al.,
2019).
The technical output and production characteristics of the individuals were used to calculate
the financial and environmental performance. For the financial performance, income from milk
sales followed criteria based on milk composition and somatic cell count (SCC). Income from
cull cows were calculated according to non-pregnant live-weight. Variable costs were
calculated based on unitary costs per event (e.g. pregnancy testing) or per animal (e.g. nondisaggregated sundry costs). Financial calculations exclude Youngstock and nulliparous Dam
objects; calves who survive the rearing period to calve carry a fixed cost associated with the
rearing period. All financial parameters, which are representative of Scottish dairy production
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Table 5.1 Assumed input costs and prices for financial analysis of simulation output.
Item group

Item

Production

Fat: 3.17 ppkg per 1%
Protein: 4.76 ppkg per 1%
SCC: Nil <= 225,000 cells per ml, -0.25ppl >225,000 <= 250,000,
-1.75ppl >250,000 <= 300,000, -6ppl >300,000 <= 400,000, -15ppl
>400,000

Health

Mastitis: £8.60 per clinical case, £137.31 per permanent severe case

Reproduction

AI: £39 per service
Pregnancy test: £3.60 per test
Calving: £56.17 1st calving, £20.05 2nd calving, £21.21 3+ calving

Death and culling

All calves: £164 per head
Cull cow: £0.949 per kg live-weight
Internal replacement heifer: £649 per head
External replacement heifer: £1400 per head
Calf disposal: £50 per head

Feed (DM)

Lactating cow diet: £0.069 per kg (summer), £0.068 per kg (winter)
Dry cow diet: £0.077 per kg

Other

Non-disaggregated variable costs: £0.276 per day

systems, are given in Table 5.1. Gross margin was calculated as income minus variable costs.
The sensitivity of gross margin relative to different price contexts were investigates with a
sensitivity analysis, in which milk sales prices were increased by 20% and feed costs were
reduced by 20% (Sensitivity 1), and milk sales prices were reduced by 20% and feed costs
were increased by 20% (Sensitivity 2). For the environmental performance, we calculated
enteric and manure methane, and direct, volatilised and leached nitrous oxide from manure;
these emissions were calculated according to the IPCC 2019 refinement to the IPCC 2006
national GHG inventory (Gavrilova et al., 2019). We did not directly calculate emissions from
spreading manure on managed soils, as we assumed these emissions are captured by feed
component emissions factors (EFs), which are given in Table 5.2 along with the dietary
assumptions on which they are based. EFs of feed components were provided by Julian Bell
(Principal Rural Business Consultant, personal communications, 2021) and dietary
assumptions were provided by Lorna MacPherson (Senior Dairy Consultant, personal
communications, 2021). Replacement heifers carried an EF of 8782.32 kg CO2-eq, which was
the mean of all aforementioned emissions for an individual that calves within one standard
deviation of the average age at first calving in the simulation (~2 years) based on our baseline
simulation output; the relative contribution of different emissions sources to this total can be
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found in Figure 5.1. Total emissions of all
individuals are reported as kg CO2-eq, using the
IPCC AR5 GWP100 conversion (Myhre et al.,
2013); emissions intensity is reported as total
emissions of all lactating individuals per unit of
energy-corrected milk (kg CO2-eq / kg ECM).
ECM accounts for yield, fat and protein content
of milk (Sjaunja et al., 1990). We did not model
emissions from energy resources (fuel and
electricity), aside from those captured by the
feed component EFs, since we assumed no
changes in farm management or infrastructure
between the scenarios.
For statistical models, definitions of fixed effects
are provided as Appendix A in Supplementary
Material for Chapter 5 (herein, SM5). Daily data
for all individuals in 90 iterations of the
simulation

without

weather

effects

on

phenotypic performance (herein, control) and 90
iterations for each of the 12 climate models
(herein, treatment) were aggregated to a
monthly level, which converted approximately 2
billion observations of daily measured variables
at the individual level into 279,630 observations
of select variables (1170 simulation outputs
across 239 months). We used generalised linear
models to assess the impact of including a
baseline phenotype that is dynamic to daily
weather in our IBM simulation. Data were
analysed for a month (factor) and year
(continuous) effect to account for differences
within and across simulated years. Therefore,
we fitted climate scenario, month and year as
fixed effects in the statistical models, as well as
interactions between climate scenario and
month, and climate scenario and year. As the
interaction effects are the effects of interest with
these models, we mainly restrict the results in
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the main body of text to these
interactions,

however,

statistical

parameters of all main effects and
interactions

can

be

found

in

Appendix B (SM5). Before running
statistical models, we assessed the
mean-variance relationship for each
response variable to verify the model
structure and to ensure we used the
appropriate distribution; in all cases,
residuals were Gaussian-distributed.
The best-fit model was confirmed
Figure 5.1 Relative contribution of emissions
sources to total heifer emissions factor.

with backward step-wise elimination
of terms, with candidate (nested)
models compared using the model fit

statistic (AIC). In all statistical models, coefficients described as significant are statistically
significant at p<0.05.
The simulation, descriptive and statistical analyses were implemented in the R system for
statistical computing (R Core Team, 2017). The simulation used an object oriented modelling
approach, with objects specified using the package R6 (Chang, 2021). Some functions of the
simulation, as well as data management and plotting of the simulation output, were performed
using the tidyverse suite of packages (Wickham et al., 2019).
5.4 Results
5.4.1 Descriptive statistics
The average TBV and standard deviations of the 7 genetic traits, together with the £EBV (and
£TBV) for all cows across all parities, and other select descriptors of collective demographics
and performances at the start of the simulation are shown in Table 5.3. As expected, mean
£TBV for cows are close to zero, as is mean £EBV. The age at first calving (AFC) and calving
index (CI) were 740 (0.77) and 411 (1.02) (mean ± SE) days, respectively. And, in the first
year of control and treatment simulations, the productive lifespan is 3.78 (0.03) and 3.72 (0.01)
(mean ± SE) lactations, respectively. In terms of financial and environmental start-points, for
control and treatment scenarios, gross margin is £1586 (8.87) and £1532 (2.20) (mean ± SE)
head/year; total emissions are 13668 (42.2) and 13744 (11.0) kg CO2-eq/head (lactating); and
emissions intensity is 1.60 (0.01) and 1.65 (0.00) (mean ± SE) CO2-eq/kg ECM. Of course,
the higher milk price and lower feed costs of Sensitivity 1 increased the gross margin for both
control and treatment scenarios at £2186 (9.33) and £2122 (2.33) (mean ± SE) head/year.
The reverse effect is observed for the lower milk price and higher feed costs Sensitivity 2, at
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Table 5.3 TBV for 7-traits, together with index values (£EBV and £TBV), age at first calving
(days), calving index (days), productive lifespan (lactations), gross margin (£), financial
sensitivity analysis, total emissions (kg CO 2-eq) and emissions intensity (kg CO2-eq/(kg
ECM) (mean ± SE).
Start
Parameter

End

Control

Treatment

Control

Treatment

MY*

-107.4 (6.31)

-

2487 (4.55)

2531 (1.27)

FY*

-5.09 (0.25)

-

116.6 (0.18)

118.7 (0.05)

PY*

-4.07 (0.19)

-

92.1 (0.14)

93.8 (0.04)

DL*

0.01 (0.01)

-

-0.16 (0.00)

-0.16 (0.00)

MAS*

-0.00 (0.00)

-

0.08 (0.00)

0.08 (0.00)

NINS*

-0.01 (0.00)

-

0.10 (0.00)

0.10 (0.00)

DMI*

-40.6 (2.41)

-

978 (1.74)

996 (0.49)

£TBV*

-31.8 (1.41)

-

725 (1.02)

737 (0.28)

£EBV*

-32.1 (1.49)

-

725 (1.06)

737 (0.31)

Age at 1st calving*

740 (0.77)

-

743 (0.58)

747 (0.20)

Calving index*

411 (1.02)

-

405 (0.74)

408 (0.28)

Productive lifespanꭞ

3.78 (0.03)

3.72 (0.01)

3.73 (0.03)

3.30 (0.01)

Gross marginꭞ

1586 (8.87)

1532 (2.20)

2326 (7.39)

2171 (2.41)

Sensitivity 1ꭞ

2186 (9.33)

2122 (2.33)

3104 (7.87)

2925 (2.59)

Sensitivity 2ꭞ

985 (8.44)

942 (2.09)

1548 (6.95)

1417 (2.24)

13668 (42.2)

13744 (11.0)

15290 (32.0)

15492 (11.1)

1.60 (0.01)

1.65 (0.00)

1.34 (0.00)

1.42 (0.00)

Genetics

Demographics

Financial

Environmental
Total emissionsꭞ
Emissions intensityꭞ

*data from first and last day of simulation; ꭞdata from first and last year of simulation

£985 (8.44) and £942 (2.09) (mean ± SE) head/year, respectively. During the simulation, the
genetic improvement of the 7 genetic traits proceeded as expected according to the response
to selection input, although the change from start to end of the 20-year period for the control
and treatment scenario differed slightly, see Table 5.3. Technical, financial and environmental
performances were affected by these genetic results.
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(a)

(b)

Figure 5.2 Plots to demonstrate changes in (a) herd size within years and (b) cull rate across
years, for each scenario.

After 20 years of simulation, the productive lifespan of individuals in the treatment scenario
was 3.73 (0.03) (mean ± SE) lactations, compared to 3.30 (0.01) (mean ± SE) lactations in the
control scenario, representing a substantial shift in collective demographics. Similarly, AFC
and CI were greater in the treatment scenario, at 743 (0.58) and 405 (0.74) (mean ± SE) days,
respectively, relative to the control scenario, at 747 (0.20) and 408 (0.28) (mean ± SE) days,
respectively. Also in the treatment scenario, relative to the control scenario, the mortality rate
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was higher, conception rate lower and rate of clinical mastitis infections was higher. Some of
these differences are evident in the variation in herd size, cull rate, mean productive lifespan,
and incidence rate of clinical mastitis infections, shown in Figures 5.2-5.4. Within-year variation
is evident for technical performance indicators in the treatment scenario as well. For example,
herd size ranges substantially within years, as can be seen in Figure 5.2, as does the incidence
rate of clinical mastitis, Figure 5.4a.
5.4.2 Statistical models
We ran four statistical models to assess the interacting effects of scenario with year and month
on technical, financial and environmental aspects of performance.
On ECM, there was a significant interaction between scenario and month (F = 60668.3, df =
11, p <0.001): ECM in the treatment scenario peaks in winter (Nov: Est = 0.1827, p <0.001)
before dropping gradually to summer (July: Est = -2.227, p <0.001) and rising gradually
throughout the rest of the year; this is visualised in Figure 5. We also found a significant
interaction between scenario and year (F = 1449.3, df = 1, p<0.001): ECM increases in both
scenarios across years (as expected due to genetic improvement), but the rate of increase is
significantly less in the treatment scenario (Est = -0.0269, p<0.001); see Figure 5.6.
On gross margin, there was a significant interaction between scenario and year (F =97.76, df
= 1, p <0.001): gross margin in the treatment scenario peaks in winter, and although gross
margin increases in both scenarios across years, the rate of increase is significantly less in
the treatment scenario (Est = -0.343, p<0.001). Here, the estimate reflects the change in mean

Figure 5.3 Mean productive life in terms of lactations across years, by scenario.
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(a)

(b)

Figure 5.4 Plots to demonstrate changes in (a) incidence rate of clinical mastitis within years
and (b) incidence rate of clinical mastitis of clinical mastitis across years, by scenario.

monthly gross margin per animal across years, so this represents a cumulative yearly
difference of approximately -£823 for 200 lactating cows in the treatment scenario.
Finally, for GHG emissions, we report the results of two models. Firstly, the interaction between
scenario and year on total emissions was significant (F = 9.0621, df = 1, p = 0.003): with total
emissions increasing at a higher rate across years in the treatment scenario (Est = 0.213, p =
0.003). As with ECM, the estimate reflects the change in mean
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Figure 5.5 Plot of predicted means for energy-corrected milk production per cow for each
scenario, facetted by simulation year.
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monthly emissions per animal across years, so the trend here represents a cummulative yearly
difference of approximately +511 kg CO2-eq for 200 lactating cows. Secondly, there was also
a significant interaction between scenario and year on EI of ECM (F = 5.561, df = 1, p = 0.018):
overall, EI of ECM was higher in the treatment scenario, and although EI reduces across years
in both scenarios, the rate of decrease is significantly less in the treatment scenario (Est =
0.0007, p = 0.018), meaning EI gains will be slower in the treatment scenario.
5.5 Discussion
The objectives were to use a stochastic, dynamic, multi-trait model to simulate dairy cattle
under selection that is capable of estimating the technical, financial and environmental (GHG)
performance of individuals over time. A further aim, using meaningful scenarios of future
weather, was to investigate how simulations will produce different results depending on
whether phenotypic plasticity is explicit in the model’s phenotypic functions. In both scenarios
of the simulation, as in the real world, genetic merit is a substantial component of the
phenotype.
On genetic trends, results in Table 5.3 indicate rates of change are marginally higher in the
treatment scenario than in the control scenario. This is likely because the reduced productive
lifespan of individuals in the treatment scenario also reduced genetic lag, thus accelerating
genetic gain despite unfavourable changes in calving index and mean age at first calving
relative to the control scenario (see Figure 5.2, Figure 5.3 and Table 5.3). Some complex
interactions between changes in herd age structure and technical performance were also
evident. For example, mastitis occurrence does not differ substantially between scenarios
(Figure 5.4b). This is because phenotypic functions for all traits were also influenced by nonpermanent characteristics of individuals (e.g. parity), with lower parity animals having slightly
improved baseline performances, for example, for mastitis susceptibility, fertility, and SCC,
compared to their older contemporaries (described fully in Chapter 4). Therefore, as the
average age of individuals decreases in the treatment scenario (Figure 5.3), the average
performance on some functional traits will improve, which to some extent will offset negative
effects of climate change on technical performance. However, these same effects will lead to
reductions in mean production, given the comparatively lower yields of lower parity animals
(again, see Chapter 4). Here, specific effects of climate change on traits (and on genetic
change) are difficult to disentangle, and future research may investigate partial derivatives for
each trait independently. Nevertheless, this complexity is an important benefit of using
process-based models, which not only offer opportunities for scenario-analysis, but also
opportunities to develop a greater understanding of complex interactions and interconnectedness of the system being modelled.
Results of the statistical models and descriptive results in Figures 5.2-5.6 and Table 5.3, give
a clear indication that including a baseline phenotype that is dynamic to daily weather does
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Figure 5.6 Plot of predicted means for energy-corrected milk production per cow across all
years of the simulation for the month of January, by scenario.

significantly affect technical performance. This is true for both incremental changes across
years (e.g. Figure 5.2b and Figure 5.3), associated with long-term changes in weather; and
for seasonal variation in weather patterns, including short-term extremes (e.g. Figure 5.2a and
Figure 5.4a). One strategy for offsetting production losses due to climate change is to continue
breeding for higher production (Dunn et al 2007); however, the consequences to mortality,
mastitis and fertility on other performance metrics offset some production gains, as will be
discussed.
There is a growing body of research to suggest production losses related to climate change
will be substantial, even in temperate regions like the UK. The majority of these studies so far
focus on production. For example, aside from those studies used to define the dynamic
baseline phenotypes in our simulation, Hammami et al. (2013) found increasing THI above an
apparent heat stress threshold reduced milk, fat and protein yields of Holsteins in Luxemburg’s
temperate continental climate. Additionally, and similar to the results of Hill and Wall (2015)
on which our dynamic baseline phenotypic function for milk yield was based, Gorniak et al.
(2014) found milk yield increased with THI up to a threshold, before decreasing. In terms of
milk yield, lower production under heat stress is likely associated with reduced appetite and
DMI (McDowell et al., 1969), whereas changes in the composition of milk are more likely due
to heat stress downregulating the expression of genes involved with biosynthesis in the
mammary glands (Cowley et al., 2015; Tao et al., 2018).
Recent research has expanded these heat stress impacts in temperate regions to recognise
the effect on health and fertility traits too. In a study of Holsteins managed in temperate regions
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of Japan, Kino et al. (2019) not only found higher THI reduced yields, but also that higher
maximum temperature was associated with increased number of days open. Gernand et al.
(2019) found analogous results for THI on conception rates in Holsteins from a temperate
region of Germany, which was the basis of our dynamic baseline phenotypic function, but also
positive correlations between THI with retained placenta and puerperal disorders (post-partum
infections of the reproductive tract). Little is known about the mechanisms of influence between
heat stress and disease incidence, however Hamel et al. (2021) found increased pathogenesis
of mastitis-causing bacteria is driven by higher shedding intensity of infected cows increasing
the risk of infection to non-infected cows; authors suggest manifold causes including higher
temperatures inside the mammary glands creating favourable reproduction conditions for
pathogens. Effects of heat stress on mortality and culling in temperate production systems are
still under-researched, however, anecdotal evidence suggest there is a substantial threat; for
example, NFU (2018) state that the hot, dry summer of 2018 contributed to 30k additional
slaughtered cows, although it is unclear what the interaction was with fertility losses given that
fertility is the primary culling reason in UK dairy systems (Pritchard et al., 2013a).
Differences in performance of individuals in control and treatment scenarios were also
significant for financial metrics. Gross margin of individuals in the early years of the control
scenario were similar to figures published by DEFRA (2019), who report gross margin of £1401
head/year for the top 25% of producers based on data from the Farm Business Survey. This
is also similar to other estimates, for example, in the Farm Management Handbook (Beattie,
2021), which, using higher assumed feed costs, estimate £1225.95 head/year for the top 25%
of medium-high output herds (8500 litres). In addition to this, Old Mill and The Farm
Consultancy Group report a gross margin of £1572 head/year for the top 10% of producers for
the 2019/20 financial year, where herd size of sampled farms averaged 287 lactating cows
(The Farm Consultancy Group, 2020). By the final years of the simulation, gross margin had
increased in the control scenario by approximately 40.9%, due to genetic change, notably for
increased milk and milk components. There were also increases in the treatment scenario for
the same reason, however, these increases were less substantial at 36.8% owing to short and
long terms effects of weather on phenotypic functions. Of course, in the treatment scenario,
high temperatures will decrease feed costs and increase mortality (leading to more sales from
culled cows), but this was obviously not sufficient to offset reduced milk sales and increases
in other variable costs resulting from, for example, increased replacement rate.
The sensitivity analysis allowed the evaluation of different economic situations: more
favourable (Sensitivity 1) and less favourable (Sensitivity 2). Unsurprisingly, the analysis
shows a higher overall gross margin in the favourable pricing schedule, and a lower overall
gross margin in the unfavourable pricing schedule. However, at the start of the simulation, the
difference in gross margin between the different pricing schedules is greater (±38%) than at
the end of the simulation (±34%) (Table 5.3: control scenario), meaning a trend towards
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convergence. This is a consequence of increased resource efficiency due to genetic
improvements, where yield is improving at a faster rate than DMI, which consequently
improves economic efficiency, and sensitivity of gross margin to costs is reduced. This is an
important reminder that increasing efficiency will improve economic resilience, which is notable
given that the costs of concentrates especially are expected to continue to increase in future
(Godfray et al., 2010).
The literature regarding climate impact assessments on the economic performance of dairy
cattle systems so far mostly focuses on risk to yield. Hempel et al. (2019) found that under
RCP 8.5, by the end of the century, accumulated yield losses across the EU dairy sector may
approximate 2.8% of current annual EU milk yield, amounting to ~4.7 million tonnes. When
the authors included the economic cost of reduced fat and protein yield also resulting from
heat stress, they estimated farmers may lose approximately €14 per cow in a severe summer
month, and approximately 5.4% of monthly milk sales income in a mild summer month.
Unsurprisingly, losses increase in regions where climate change impacts will be more severe;
some states in America expect losses of over $300 cow/year, resulting in national losses of
almost $900 million, even with optimal abatement technologies (such as high-pressure
evaporative cooling) (St-Pierre et al., 2003). Our results suggest that the difference in milk
sales between the warmest and coldest months in the treatment scenario is approximately £6.47 per cow when comparing the first and last year of the simulation; this value includes the
consequences of fat and protein content on milk price. However, unlike other studies our
results on gross margin include non-productive losses too, such as those stemming from
reduced fertility and increased mastitis incidence. All this together will introduce substantial
variation to the gross margin of specialist dairy farms, many of which already have negative
net economic margins (European Commission, 2018; The Farm Consultancy Group, 2020).
As for environmental differences between our scenarios, these too were significant. In the
early years of the control scenario, enteric methane emissions were 137 kg/year, manure
methane emissions were 70.8 kg/year and nitrous oxide emissions were 1.8 kg/year. The
remaining emissions contributing to the total (Table 5.3) come from embedded emissions in
feed and replacement heifers (see Figure 5.1). Estimates of the emissions breakdown per cow
were similar to published per cow estimates, for example, Bell et al. (2015) found enteric
methane emissions of 144 kg/year, manure methane emissions of 42 kg/year, and nitrous
oxide emissions of 8 kg/year in a model of a UK dairy system. UK GHG inventory estimates
are 122.4 kg/year, 36.93 kg/year, and 0.506 kg/year, respectively (DEFRA, 2014). And
estimates used to calculate marginal abatement cost curves for UK production are 131.50
kg/year, 30.39 kg/year, and 0.765 kg/year (Eory et al., 2018). Variation between all estimates,
including our own, are due to differences in assumptions regarding production, feed
composition, manure management and parameters used in calculations (Gavrilova et al.,
2019). In the final years of the simulation, in both scenarios, total emissions had increased by
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approximately 11%. This is likely because, in the treatment scenario, consequences of
changing herd demographics (driven by changing technical performance of individuals, e.g.
productive lifespan) may have offset increased emissions coming from a higher replacement
rate with associated embedded emissions, for example, a younger herd on average would
have reduced feed intake because bodyweight is a parameter of the DMI function (see Chapter
4), which would have reduced associated embedded emissions in feed. Bodyweight and
growth rate are also parameters used in the derivation of nitrous oxide, enteric methane and
manure methane emissions. As mentioned previously, such complex interactions clearly
demonstrate the usefulness of process-based models in understanding complex systems.
Results of the statistical model may also suggest insufficient replicates for scenarios; future
implementations of the simulation may seek to better quantify the optimal number of iterations.
For agricultural production, however, a more useful metric of comparison is EI. In both
scenarios, EI decreases over time, and starting values for both scenarios are comparable to
other studies that quantify emissions intensity of milk from UK dairy cattle production, which
are usually estimated with Life Cycle Assessments as between 0.8 - 1.5 kg CO2-eq/kg milk
(Macleod et al., 2015; Ross et al., 2017), but in practice have been shown to range more
substantially to between 0.8 – 2.1 CO2-eq/litre milk (DairyCo, 2014). As mentioned, the
methodology and parameters used to estimate emissions plays a substantial role in the
calculation of EI, we include embedded emissions from replacement heifers and all embedded
emissions of feed, which is not always the case, although we do exclude emissions from
energy resources (e.g. electricity). The decrease in EI for both scenarios is largely due to
genetic change in yield traits improving overall environmental efficiency; these genetic
changes in yield offset changes in DMI and other functional traits such as fertility, which are
known to effect overall emissions and EI (Bell et al., 2015). However, in the treatment scenario,
this decrease in EI (-16%) occurs at a slower rate than in the control scenario (-14%), meaning
that over time EI will be under-estimated if simulations exclude weather effects on performance.
Our results do not include correlated changes in methane production as a consequence of
selection for yield; these traits are highly correlated, meaning that selection for increasing yield
will also increase the methane output of future cows (unless breeding objectives are adapted
to include methane emissions: (Breider, 2018)). For example, when quantifying the effect of
breeding on methane production for Dutch dairy systems, de Haas et al. (2021) expect a ~10%
increase in emissions (g CH4/day) over our simulated period. Furthermore, we do not include
effects of temperature on methane emissions from managed manure or effects of heat stress
on direct methane emissions and ammonia production (Gernand et al., 2019; Hempel et al.,
2016). Therefore, in the current study it is likely that the overall emissions are under-estimated
and rate of change in EI is over-estimated, especially in the treatment scenario.
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5.6 Methodological reflection
We have presented a method for modelling the technical performance of individuals under
genetic selection in different scenarios of climate change. We have demonstrated that
including a dynamic baseline phenotype has a significant effect on technical, financial and
environment metrics. We further the development of this popular type of IBM by providing
evidence that IBMs which model future production, or where seasonality is an important aspect
of the production system, will also misrepresent performance if phenotypic functions are not
dynamic to weather. This is increasingly important as direct and detrimental impacts of climate
change on cattle are expected, even in temperate production systems (IPCC, 2021). Other
types of model that do make this link explicit either do so for production traits alone at a higher
system level (Fodor et al., 2018), which may under-estimate the complex and inter-connected
direct effects of weather on animal performance. Or, they do so at the individual level, but in a
deterministic way at a coarse temporal resolution (Calsamiglia et al., 2018), which may not be
suitable for exploring the critical impact of short-term weather extremes.
However, in specifying our simulation and subsequent analysis, we had to make various model
development and input choices. Validity of the results presented here are dependent on the
underlying validity of the simulation. The simulation mimics individual performance from birth
to leaving the herd in quite a detailed way, based not only on genetic merit of the individual
but also on individual and environmental non-permanent effects (including weather in the
treatment scenario). Stochastic functions dealt with functional processes, and main
interactions between production and functional performance of individuals together with
management decisions at the herd-level were integrated, thus reproducing some of the
complexity and variability encountered in real-life. This type of model is difficult to fully validate,
given that classical validation by comparison to an independent dataset is not applicable owing
to a lack of such data (Kaniyamattam et al., 2016). Thus, only partial elements of validation
could be considered by mechanistically computing the daily phenotypic performance of
individual cows and checking consistency of outcomes a posteriori. The same approach was
taken for management functions that operated at the herd-level. Some comparisons between
simulated results and real-world data was possible, and a selection of these can be found in
Appendix C (SM5) For the start of the simulation, it was possible to validate outcomes against
real-world data (and other modelled data); as discussed in section 5.5, these outcomes
generally compare well.
The simulation used herein differs from similar IBMs in several other important ways. For
example, we apply novel approaches in representing the phenotypes of our 7 traits.
Phenotypic functions of this simulation are also accessible and have a clear biological
foundation, however, in some studies it is not always clear how different factors affect event
probabilities, for example, when using up to nine multiplicative factors to derive a probability
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for mastitis infection rate and conception rate (Bérodier et al., 2019; Dezetter et al., 2017).
However, mean number of lactations in the current simulation is also less than would be
expected for the modelled system; this is due to double counting as the herd rebalance
function will sometimes cull animals on performance, whereas longevity should ideally
exclusively be dealt with by the phenotypic function for Days of Life. Some performance culling
is necessary due to the stochastic nature of some functions that occasionally leads to extreme
performance, such as very long calving intervals, however, adjusting the baseline mortality
rates to account for some additional performance-related culling could improve this issue.
Finally, in this simulation, individual performance is influenced by stochastic residual
environmental effects, some of which encapsulate daily weather effects, so it is likely that we
increase the variation in daily phenotypes to some extent. However, to the authors’ knowledge,
there is no guidance on partitioning daily weather effects out of residual environmental effects,
and in terms of consequence, this means we likely under-estimate the difference between our
scenarios because we may be over-estimating the variance.
Future iterations of this model may improve the alignment of modelled traits with the
predominant selection tool of the simulated system. For example, following the Profitable
Lifetime Index (£PLI) is the UK’s year-round-calving selection tool, our mastitis trait might be
aligned better as the number of mastitis incidences per lactation rather than the probability of
at least one mastitis incidence per lactation. But, a substantial challenge with this type of model
is accurately representing phenotypes, as mentioned in the introduction. The relative weights
of production versus non-production traits might also be adjusted to better represent current
genetic strategies of the system under simulation. In addition to this, the inclusion of more
functional traits would likely improve the comparability of the genetic change in our simulation
to that of the modelled system; this would not necessarily mean including all traits in the
simulation (Kaniyamattam et al., 2016), but at a minimum would include having these traits
represented in the inputted response to selection calculations. In this way, phenotypes of traits
correlated with the selection index or traits within it may also be included, for example,
methane emissions or tolerance to heat stress (de Haas et al., 2021; Nguyen et al., 2016).
Because of this, results herein should be interpreted with caution.
On weather effects to the phenotype, it would be beneficial to include a lag effect of heatstress to better mimic the biological processes of individuals, such as linking body condition
change to reduced dry matter intake (Graux et al., 2011) or linking early life heat stress events
to lifetime performance (Monteiro et al., 2016). It is also notable that this simulation is a
representation of the animal and the direct effects of weather (and future climate change) on
individual performance. Therefore, it is likely that the simulation under-represents the
magnitude of effect of climate change at the herd and farm-levels, where changing weather
will affect other on-farm processes such as the timing and production of feed, including the
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nutrient content of feed (Dellar et al., 2018), all of which are likely to have a substantial impact
on technical, financial and environmental performance.
Finally, the differences identified between the two simulated scenarios were relatively small.
Although the functions that describe weather effects on the phenotypes were chosen carefully,
it is still true that some were not estimated on UK cattle populations, and it is also true that by
including several such functions there is a chance of confounding uncertainties across
functions. Therefore, future research might seek to identify the functions that contribute the
greatest uncertainty in the simulation. This may be achieved by sequentially making
phenotype-weather functions stochastic instead of deterministic, as they are currently, and
evaluating the impact of this on the mean and variance of outputs.
5.7 Conclusion
There is growing evidence that variation in technical performance due to climate is important
across multiple phenotypes; both production and functional. And, with the effects of climate
change already widespread, and worsening, if researchers aim to mimic the biological
performance of individuals, it is increasingly difficult to overlook relationships between climate
and performance, even in temperate regions. We present a method for modelling multi-trait
individuals using phenotypes that are dynamic to daily weather within a simulation framework
that is growing in popularity. Of course, the interaction of climate with performance is not
always part of the research question with these types of simulation models, but accounting for
the relationships introduces opportunities to better represent seasonal patterns of production,
which may be particularly useful for modelling different management scenarios (e.g. yearround calving and seasonal block calving systems); and introduces the possibility of using this
kind of IBM for further climate change impact assessments.
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General discussion

6.1 General discussion
The consequences of climate change are increasingly pervasive. Climate projections suggest
a continued rise in global temperature, together with increasing magnitude and frequency of
extreme weather events; this will present major challenges to livestock production in the
coming years (IPCC, 2021; Kovats et al., 2014). As such, resilience has become a key theme
in agricultural production and livestock research. Under particular scrutiny is the production of
ruminant livestock, such as dairy cows, given that some negative externalities of the system
itself (i.e. GHG emissions) will exacerbate existing environmental challenges. This, in the
context of a requirement to feed a growing global population will drive competing challenges
of food security, the environment and societal needs (Godfray et al., 2010). In the face of these
challenges, dairy production must remain efficient, which means the system and its
components, must be resilient (Friggens et al., 2017). However, in the short- and long- term,
it is unclear how objectives of resilience and efficiency will interact, given that shifting focus
towards promoting resilience will require a reduced emphasis on efficiency. Against this
backdrop, the overall aim of the thesis is to evaluate how resilience may trade-off against
efficiency goals under future production challenges, and to advance understanding of the
value of resilience to dairy cattle production systems in Europe. The thesis explores two
modelling approaches by which this may be achieved; firstly using stated preferences that
enable the capture of non-market value, and secondly using a process-based model that
enables a bio-economic and environmental assessment of simulated individuals.
The novelty of this thesis stems from employing an inter-disciplinary approach to achieve its
aim, see Figure 1.6 for thesis flow-chart. In Chapter 2, a systematic literature review was
described, which methodically examines the application of stated preference approaches used
to quantify stakeholder values for breeding objective traits of agricultural species. The review
provides a crucial knowledgebase of existing methodologies, and highlights research-gaps
and key considerations for future applications, such as the accurate representation of diverse
respondent values for breeding objective traits. This review laid the foundations for Chapter 3,
which presents a novel application of the discrete choice approach – the Best-Worst Scaling
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method – in this field. Applied herein to quantify differences in the preferences of European
dairy stakeholders for a set of breeding objective traits, when the production goal is resilience
or efficiency. Trade-offs and win-wins in the value of some production, functional and novel
traits between production scenarios are presented, and associations between sociodemographic characteristics of respondents and their valuation of breeding goal traits. The
preferences identified in Chapters 2 and 3 of this thesis are not purely financial, but
encapsulate other motivations and values, which we show are likely to be heterogeneous
between respondents. In Chapters 4 and 5, a different conceptualisation of value is used,
where value is defined rigidly according to technical performance, financial and environmental
metrics. In Chapter 4, a stochastic, dynamic, multi-trait individual-based dairy cattle simulation
model is described, the purpose of which is to mimic the biological performance of individuals
under genetic selection and in different scenarios of future climate change that can provide
output metrics related to the technical, financial and environmental performance. This
established the basis for Chapter 5, where the simulation model was used to evaluate
performance under scenarios of future climate change in southwest Scotland; we compared
this with the output of simulations that did not model phenotypes as dynamic to daily weather.
Results here show that performance indicators will be misrepresented if phenotypes are not
dynamic to daily weather; results also indicate climate change will significantly affect dairy
production, even in the temperate region of southwest Scotland.
In this general discussion, reflections on the preceding chapters will be made, particularly in
the context of learnings, limitations and opportunities to build on this work in future research.
These reflections are separated according to the empirical preference-based modelling
approaches of Chapters 2 and 3, and the process-based simulation modelling approach of
Chapters 4 and 5.
6.2 Limitations and learnings regarding Chapters 2 and 3
When conducting a systematic review, it is necessary to clearly define boundaries; one aspect
of this is to set strict inclusion criteria (Petticrew and Roberts, 2006). One such criteria of the
systematic review presented in Chapter 2 sought articles that were published before July 2018.
Therefore, in order to provide an accurate and up-to-date representation of the current state
of research, it is necessary to reflect on the literature since published – up to September 2021.
The same search string was applied to the academic database Web of Knowledge, which
returned 119 results based on title and abstract matches, leading to the identification of a
further 23 articles that would meet the inclusion criteria of the systematic review. This furthers
the notion that the application of preference-based approaches to exploring breeding
objectives, including the relative importance of breeding objective traits, are increasing.
In these articles, there were no methodological approaches identified that were not
represented in the earlier systematic review. This is a particular concern for studies that
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continue to use problematic analysis of rank data (Akankwasa et al., 2021), as discussed fully
in Chapter 2. To some extent, this also re-asserts the statement made in Chapter 2 regarding
researchers confining themselves to a disciplinary silo, in which innovative methods and
improved analytic approaches, used in fields where the valuation of non-market goods is
common, are not up-taken towards defining trait-preferences of agricultural stakeholders. The
approaches were, however, applied to new agricultural species, such as buffalo (Abdel-Salam,
2019) and White Spruce trees (Hassegawa et al., 2020). Despite this, the most common
species under evaluation was still cattle, representing almost 30% of articles and including
studies of high-income dairy systems (Paakala et al., 2020; Skjerve et al., 2018), and lowerincome dairy and dual purpose systems (Camara et al., 2019; Chawala et al., 2019; Omer et
al., 2021). As with the earlier systematic review, in all of the recent studies where respondent
heterogeneity is accounted for, approaches draw on either a priori assumptions, such as
gender (Murphy et al., 2020), or ex poste analysis using a suite of information on respondents
including preferences for breeding objective traits (Camara et al., 2019; Skjerve et al., 2018).
For example, the latter includes a study of Norweigian dairy producers by Skjerve et al. (2018),
which led to the classification of four dairy farmer types identified using ex-poste cluster
analysis that echoes the work of Martin-Collado et al. (2015). Finally, in terms of implementing
preferences into policy, there are new examples of research that take this extra step. Notably,
Slagboom et al. (2018), who simulate the consequences of applying preference-based weights
for organic dairy cattle producers to traits in the Nordic Total Merit index, based on the results
of a study included in the systematic review presented herein (Slagboom et al., 2016b). Also,
in smallholder Tanzanian dairy production, (Chawala et al., 2019) applies a traditional discrete
choice experiment to derive preference-based economic weights for traits of interest, which
are then used to simulate the genetic consequences of breeding objectives that include traits
weighted according preferences of surveyed smallholders (Chawala et al., 2021). The 23
articles included in this brief update can be found as Appendix A in Supplementary Material
for Chapter 6.
In Chapter 2, aggregate rankings of traits for the most commonly studied species are also
presented. The innovative aggregate ranking tool was made available as an open-source
software package in the R system for statistical computing (R Core Team, 2017), named
RankAggregator (Burns and Butler, 2020), and has since been downloaded over 6000 times
(Yu, 2021). The aggregate rankings of cattle traits were divided as originating from either highincome dairy production systems or lower-income dual-purpose systems. In time, with the
addition of more publications in this field, it is likely there will be sufficient new rankings to
revisit the aggregate rankings and explore any heterogeneity in a more robust way, for
example, using a latent class or clustering approach. This would be useful because
respondent preferences are very likely to be driven by multiple complex factors, including
characteristics of the individual and of the production system. This was certainly evident in
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Chapter 3, where the application of a preference-based approach with European dairy
stakeholders is described. The Chapter reports the novel application of a new method for the
field, namely the Best-Worst Scaling approach (Louviere et al., 2015), adding to- and
diversifying- a growing toolbox identified in the systematic review. Here, some sociodemographic factors, such as education level and profession, were found to be significantly
associated with preference classes derived from the latent-class approach.
Although Chapters 2 and 3 provide a qualitative evaluation of existing tools, an important
limitation and avenue of future research here is the need for a quantitative comparison of the
most popular approaches in use. Such quantitative comparisons exist in other fields for some
tools, for example, Xie et al. (2014) find wider 95% confidence intervals around preferences
estimated with DCE than BWS in the Healthcare field, but owing to the growing toolbox of
methods in the current field, a broader comparison would now be useful. This would include
pairwise comparison methods, such as those using choice-sets that are either pre-determined
(Sae-Lim et al., 2012) or dynamic to the choice-making behaviour of respondents (Hansen
and Ombler, 2009); and other tools capable of providing preference-based relative weights for
breeding goal traits, such as proportional pilling and contingent valuation (van Engelsdorp and
Otis, 2000; von Rohr et al., 1999).
The results of Chapter 2 also made it clear that producers are often the target population for
these preference-based approaches. Of course, it is important that the needs of producers are
well represented in the breeding objective in order to increase uptake and so include a larger
animal population in the breeding programme (Nielsen et al., 2014). This increases the rate of
genetic progress in the population, and consequently increases the rate at which the breeding
objective is achieved. However, with increasingly complex decisions about the future of dairy
production systems in terms of changing societal needs, novel traits, and uncertainties about
production environments and markets, it is more critical than ever to elicit participation from
wider system stakeholders towards production that meets requirements to be both resilient
and efficient when facing diverse anticipated challenges (Garnett et al., 2015; IPCC, 2021;
Martin-Collado et al., 2018). As mentioned in Chapter 2, who the beneficiaries of a breeding
objective are is as important a question as which traits to include.
This means, ideally, to include the integration of values from other supply-chain actors and
consumers in the weighting of traits within the breeding objective, which was part of the novelty
of Chapter 3. Engaging a wider stakeholder population that includes consumers would also
present opportunities to investigate higher-level questions, such as how to improve the
breeding objective itself. Of course, the normative focus is profit maximisation, so much so
that questions of the breeding objective in high-income dairy systems are usually restricted to
who should profit be maximised for rather than whether profit should indeed be the (only)
metric to maximise. This question may necessitate a substantial change of perspective, which,
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although infrequent, have occurred in other livestock systems. For example, in the Netherlands,
a partnership between animal welfare NGOs and major supermarket chains, which eventually
involved government intervention and a substantial public consultation, sought to define the
Chicken of Tomorrow. Although not without challenges, the promotion of this concept
effectively resulted in the industry-wide establishment of animal welfare standards above the
legally required minimum that represents a shift in the higher-level production objective and
the marketization of broiler traits such as slower growth and lower slaughter weight (Bos et al.,
2018). The importance of establishing and legitimising societally important adaptations in
livestock systems cannot be understated, and an important step towards this key issue of
resilient, future-proof production is more inclusive and transparent self-regulation.
6.3 Limitations and learnings regarding Chapters 4 and 5
The ability of simulation models, such as that described in Chapter 4, to investigate
implications arising from interactions within complex systems make them an attractive option
in research (Kelton and Law, 2000). As discussed in Chapter 5, previous studies have
employed similar IBMs to explore the effect of management (Bérodier et al., 2019) and
breeding (Chawala et al., 2019) interventions on dairy production systems. The simulation
model herein was used to mimic phenotypic performance that was informed by stochastic
components of the individual, and that was dynamic to daily weather conditions. The model
enabled two-fold conclusions: firstly, models that represent individuals within a similar
framework and simulate their performance into the future will misrepresent performance if
phenotypic functions are not dynamic to weather, even for temperate production systems such
as in southwest Scotland. Secondly, it appears climate change will have a detrimental effect
on dairy production in temperate regions, even over the next two decades; this is true in terms
of the technical performance of individual animals and on herd-level metrics such as EI of
ECM.
At the animal-level, resilience stems from characteristics that confer robustness and
adaptability. Robustness is the unproblematic expressions of production potential in a wide
variety of environmental conditions (Berghof et al., 2019b), whereas adaptation is the process
by which an individual becomes more suited to their environment (Berry, 2017). Such
resilience is often underlined by mechanisms that are not measurable directly. For example,
general resilience might be characterised by reduced variation in the performance of
individuals over a lactation cycle (Elgersma et al., 2017) or production phases (Berghof et al.,
2019a). But can be more specific, for example, resilience to specific perturbations such as
heat stress or disease resistance (Colditz and Hine, 2016). In the most specific context,
resilience might be characterised as a reaction norm trait, where the technical performance
profile of an animal for a measurable trait across an environmental gradient is heritable. In this
circumstance, the breeding value of an animal may change between different production
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environments. If the relationship between the environmental gradient and trait-performance is
detrimental, it might be beneficial to select for a more constant performance across the
environmental gradient or reduced losses at the extremes of the environmental gradient. This
has already been implemented to some extent in the Australian dairy system, using a genomic
heat tolerance trait that is based on a reaction norms model, and is expressed as the decline
in milk, fat and protein production per unit increase in THI above a given threshold (Nguyen et
al., 2016).
However, resilience traits can be difficult to value, and their value should be proportional to
the perturbations expected in a system, where highly perturbed systems would necessitate a
rapid transition towards resilience. This is an important direction for future research, and an
achievable research goal with the simulation model described in Chapter 4. To define a set of
partial resilience values would require the simulation to run but with one trait at a time having
a phenotypic function that is dynamic to projected weather variables – representing constant
performance across the environmental gradient – with the remaining traits using a phenotypic
function that is static (or dynamic but to unchanging, current weather). Furthermore, these
partial values could be estimated under different climate scenario pathways (data permitting)
and be spatially explicit so the heterogeneous value of resilience can be characterised both
within and between production systems. While not implemented as part of this thesis, this bioeconomic approach is a robust and flexible way to estimate the financial value of resilience at
the trait-level that may offer more resolved insight than existing methods using profit equations
(Berghof et al., 2019b; Nguyen et al., 2017). Of course, genetic parameters are not available
for these resilience traits yet, but capturing their value in this detail may drive such research;
this links to an important conclusion of Chapter 2: to identify valuable traits, not just value
identified traits.
The simulation model described and applied in Chapters 4 and 5 was not without limitations.
This is because models are not able to fully characterise a real system in its entirety so
concessions are always necessary to deliver models that are both parsimonious and able to
meet their objectives. In Chapter 4, evidence is presented to demonstrate that the simulation
agrees generally with the shape of the real-world distribution of cull age for all individuals who
enter the lactating herd (Pritchard et al., 2013a). However, the average number of lactations
is slightly lower than may be expected, at approximately 3 lactations compared with the
expected figure of 3.6 (Pritchard et al., 2013a); although, it is also notable that Eaglen et al.
(2013) found a mean days of productive life to be 1146 days, with a calving interval of 404
days, suggesting approximately 2.8 lactations for UK Holstein-Friesians. Despite this,
individuals in the current simulation do leave the simulation on average earlier than expected;
this is known because the longevity trait, Days of Life, should deal with all culling and death,
but a necessary function in the model introduces some performance culling due to fertility and
health records. This is because there will be extreme cases resulting from stochastic
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phenotypes in the model, for example, very long calving intervals. In this regard, future
iterations of the model should adjust the baseline mortality rates to account for the proportion
of performance-based culling that occurs. Furthermore, despite a moderate positive
correlation between replacement heifer survival and lifespan, the Days of Life trait defines
longevity in the milking herd only (Pritchard et al., 2013a), therefore the simulation model may
misrepresent survival probability of replacement heifers. Notwithstanding this limitation, the
model still provides comparable estimates for most performance metrics; for example, AFC,
CI, GM, total emissions per lactating animal, and EI of ECM all fall within the range of realworld and modelled estimates.
In the simulation, constant management was assumed; there was no function to optimise
management or breeding decisions against any of the output metrics. Therefore, results
highlight consequences of changes in the production circumstances, rather than offering
adaptation options directly. This approach gives a readily interpretable output, so results
between scenarios can be easily compared without confounding effects of management
differences. Although beyond the scope of this thesis, future iterations of the model may vary
breeding and management functions as part of tested scenarios; for example, the use of sexed
semen, genomic testing and on-farm infrastructure that might reduce the direct effects of
weather on animal performance (such as evaporative-cooling systems). The simulation also
does not model genetic and technical improvements in crop production, and associated
financial and land-use implications. Such improvements are likely to result in higher yields for
assumed feed components, such as winter wheat (Harkness et al., 2020), spring barley
(Yawson et al., 2016), and grassland (Qi et al., 2018), although increased waterlogging may
offset some gains. Therefore, the inclusion of a crop module that is dynamic to daily weather
inputs would be useful to contextualise the results of scenarios at a higher level, for example
at the farm level, where implications concerning crop and animal integrated systems could be
examined. However, this would be a substantial undertaking and beyond the scope of the
current research.
6.4 General conclusion
The general goal of animal breeding is to produce a new generation of animals that will yield
the desired products more efficiently under future production circumstances than the present
generation (Groen, 1989). Recently, the ability of individual animals to maintain efficiency in
the face of challenging production circumstances is receiving increasing recognition in the
field of livestock production. However, research that investigates the value of resilience and
the degree to which it trades-off with efficiency goals is not well developed.
The results presented in this thesis clearly demonstrate the merit of stated preference
approaches towards the bottom-up definition of breeding objectives and valuation of breeding
objective traits, which can be independent of- or commensurate with- conventional top-down
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approaches. Results also demonstrate trade-offs and potential synergisms in the values
stakeholders place on breeding objective traits within and between the production goals:
resilience and efficiency. Furthermore, the application of an individual-based simulation model
demonstrates the misrepresentation of animal performance under future production
circumstances if direct effects of climate change are overlooked, even for temperate
production systems. Overall, results from this thesis contribute novel insights and new
methodologies for quantifying the value of resilience at the animal level to dairy production
systems.
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Supplementary material for Chapter 1
Appendix A SM1
The hierarchical structure of animal production systems. The system considered as comprising
a finite number of organisational levels (Figure A1 SM1). Levels below that which is studied,
can be regarded as sub-systems; whereas, levels above can be considered as comprising
part of the production environment.

Figure A1 SM1 The organisational structure of cattle systems (source: Groen, 1989).
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Supplementary material for Chapter 2
Appendix A SM2
Table A1 SM2 Full search string for systematic review, with wildcards (defined below).
String 1

String 2

String 3

String 4

String combined

farm*
smallhold*
breed*
producer$
stakeholder
*keeper*

Prefer*
"choice
experiment"
"conjoint
analys?s"
survey
"partial profile"
"choice
model$ing"
"contingent
valuation"
"stated
preference$"
"revealed
preference$"
"stated choice$"
"preference
elicit*"
“contingent
rank*”
participat*

"breeding
objective$"
"breeding
goal$"
"selection ind*"
"breeding ind*"
“selection
criteri*”
“selection
objective$”
“selection
response$”
“response to
selection”

trait$
"genetic
improvement"
attribute$
"sustainable
production"
"non-market"

((farm* OR smallhold* OR
breed* OR producer$ OR
stakeholder OR *keeper*)
AND (Prefer* OR "choice
experiment" OR "conjoint
analys?s" OR survey OR
"partial profile" OR
"choice model$ing" OR
"contingent valuation" OR
"stated preference$" OR
"revealed preference$"
OR "stated choice$" OR
"preference elicit*" OR
“contingent rank*” OR
participat*) AND
("breeding objective$" OR
"breeding goal$" OR
"selection ind*" OR
"breeding ind*" OR
“selection criteri*” OR
“selection objective$” OR
“selection response$” OR
“response to selection”)
AND (trait$ OR "genetic
improvement" OR
attribute$ OR
"sustainable production"
OR "non-market"))

* truncation, returns all possible suffix and prefix of given word or word chunk
$ substitute for any single character or no character
“” searches for all wrapped words in given order
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Appendix C SM2
Description of rank aggregation procedure
Rank aggregation
The rank aggregation procedure was conducted using data extracted from studies that
focussed on trait preferences of cattle system stakeholders, as cattle were the most commonly
studied subject. For each study, we recorded the relative importance assigned to traits by
stakeholders as an ordinal ranking. Some studies contained more than one stakeholder group
or more than one type of cattle commodity (for example, some differentiated on gender of
stakeholder or sex of cattle), in which case multiple rankings were recorded. In all cases,
extracted rankings were partial, meaning no single ranking contained all traits featured in all
studies, which increased the complexity of the task. If 𝑁 denotes the total number of traits
under consideration then we can summarize the data with the summary statistic 𝑟𝑝𝑞 by
calculating, for all possible pairs of traits 𝑝 = 1, … , 𝑁 and 𝑞 = 1, … , 𝑁, the number of partial
rankings in which trait 𝑝 is ranked above (i.e. has a lower rank number than) trait 𝑞. Note that
the calculation of the summary statistic 𝑟𝑝𝑞 only uses data from partial rankings that include
both trait 𝑝 and trait 𝑞.
The problem of aggregating partial rankings involves finding a ranking 𝑅 ∗ of the entire set of
traits, 1, … , 𝑁, that is most consistent with the consensus of the partial rankings. To solve this
problem, we followed the approach of Cook et al. (2007), using minimum violations consensus
ranking (also called a median ranking). A violation here refers to the situation in which a partial
ranking in the literature places trait 𝑝 above trait 𝑞 in a pairwise comparison of traits 𝑝 and 𝑞,
whereas a candidate consensus ranking of all traits, 𝑅 = (𝑅1 , … , 𝑅𝑁 ), places trait 𝑝 below trait
𝑞. For any proposed candidate consensus ranking of all traits, 𝑅, we can calculate the total
number of such violations 𝑀(𝑅) by summing across all pairs of traits and all partial rankings,
so that
𝑁
𝑀(𝑅) = ∑𝑁
𝑝=1 ∑𝑞=1 𝑟𝑝𝑞 𝐈(𝑅𝑝 < 𝑅𝑞 )

Eq. D1

where 𝐈(. ) denotes the indicator function. The objective is to find the ranking 𝑅∗ such that this
metric is minimized – i.e. such that 𝑀(𝑅 ∗ ) = min𝑅 𝑀(𝑅) for all possible rankings 𝑅. However,
calculating 𝑀(𝑅) for every possible ranking 𝑅 is a factorial problem, the enumeration of which
becomes impractical even when 𝑁 is relatively small. Thus, we employed a branch-andbound algorithm (Cook et al., 2007) to vastly reduce the computational requirements. Further,
since 𝑅∗ is a best consensus of 𝐴, not necessarily the best consensus of 𝐴, we implemented
a bootstrapping procedure to give a measure of uncertainty in consensus rank position for all
traits (Marshall et al., 1998). On coding the minimum violations approach and the branch and
bound algorithm, we drew heavily on the descriptions presented in Cook et al. (2007), and
partially on some C-code that accompanies the paper. We coded all of the above in the R
system for statistical computing (R Core Team, 2017), and we have made these algorithms
available as a user-friendly R system package (Burns & Butler, 2020). Further details on the
approach are given below.
In total, 65 partial rankings from 24 separate studies were used in two rank aggregation
procedures; one for high-income dairy cattle systems, one for lower-income dual-purpose
cattle systems. Categorisation of studies into these systems was informed by, for example,
respondent location matched with World Bank country classification by income level. To
ensure consistency, trait names were harmonised across the selected studies, and
categorised according to subgroups in the following groups: milk, meat, growth, conformation,
longevity, maternal, calving, workability, health, fertility, traction, adaptation, type and novel
(see Table C1 SM2); allocation was informed by Köhler-Rollefson and Wanyama (2003),
Miglior et al. (2017) and Bunning et al. (2019). Mostly, this was an intuitive exercise, however,
some traits were problematic, such as those that can be used as proxies for multiple underlying
characteristics, for example testicle size being indicative of either fertility or milk production in
different dairy systems (Köhler-Rollefson and Wanyama, 2003). In such cases, the
corresponding author was contacted for clarification. A small number of traits that could not be
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Table C1 SM2 Allocation of traits to groups and sub-groups (greyed out traits did not feature
frequently enough for inclusion in the aggregate rank procedure).
Trait group

Sub-group

Milk

milk yield; milk fat; milk protein; lactation persistency;
milk composition; milk specific protein
meat general; meat quality; meat yield

Meat
Conformation
Longevity

conformation size; conformation muscling;
conformation udder; conformation general
longevity general

Calving

calving general (including maternal calving)

Workability

workability temperament

Health

Traction

health calf behaviour; health disease resistance;
health general (including body condition); health mastitis;
health lameness
fertility age parturition; fertility general; fertility behaviour;
fertility interval parturition
traction

Adaptation

adaptation drought; adaptation general

Type

type general; type general; type horn; type coat colour; type tail

Novel

methane production; animal welfare; feed efficiency;
feed roughage; sensory attributes
growth general

Fertility

Growth

included in a within-breed breeding objective were excluded at this point (e.g. breed, sex), as
were traits that were infrequently studied.
Of course, the underlying assumption of the rank aggregation procedure is that all traits in
each partial ranking in the literature are purposively selected as being the most important traits
in that specific circumstance, and, furthermore, that all partial rankings are derived from
studies that are substantially similar so as to justify aggregation. The appropriate selection and
inclusion of traits is the responsibility of researchers of each individual study; this is discussed
in greater detail later in this the main chapter (Chapter 3). However, the appropriateness of
aggregating rankings relies on reasoned judgement, the inadequacy of which would affect the
validity of the algorithm and bootstrapping procedure.
Minimum violations
Although the issue of consensus ranking is recognised and well explored outside of the
ecological and agricultural literature, to the author’s knowledge, it has never been applied in
the current context. Aside from minimum violations consensus ranking, there are other criteria
for deriving consensus, such as Spearman foot rule distance, however, the minimum violations
method is the most widely used in practice, primarily due to its ability to deal with missingness,
although approaches are not usually compared in a systematic manner (Cook et al., 2007).
The concept of minimum violations assumes that partial rankings appear in the form of
pairwise comparisons. Hence, the preferences for all possible pairs of traits 𝑝 = 1, … , 𝑁 and
𝑘
𝑞 = 1, … , 𝑁 in partial ranking 𝑘 are given by a binary pairwise comparison structure 𝑟𝑝𝑞
: this
will be equal to one if trait 𝑞 is ranked ahead of trait 𝑝 in study 𝑘 and equal to zero otherwise.
From these comparisons a summary ranking matrix 𝑟𝑝𝑞 can be constructed, where 𝑟𝑝𝑞 is the
count of times trait 𝑞 is preferred to trait 𝑝 in all partial rankings. It follows that the consensus
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value for a candidate consensus ranking 𝑀(𝑅) is the sum of 𝑟𝑝𝑞 if 𝑝 is ranked ahead of 𝑞 in
the candidate consensus ranking 𝑅.
None of the individual included partial rankings 𝑘 compare any individual trait 𝑝 to itself, and
𝑘
so 𝑟𝑝𝑝
= 0, for all 𝑝 and 𝑘 . Thus, we derive 𝑀(𝑅), between all partial rankings and any
candidate consensus ranking 𝑅 (Equation C1).
The objective here is to find 𝑅 with a lowest 𝑀(𝑅). However, calculating 𝑀(𝑅) for every 𝑅 is a
factorial problem, the enumeration of which becomes impractical even when 𝑁 is relatively
small. For example, an exhaustive search for a consensus ranking if 𝑁 = 15 based on 𝐾
partial rankings, would require the enumeration and subsequent evaluation of > 1.3 × 1012
candidate consensus rankings 𝑅.
Branch and bound algorithm
Approaching this problem using a branch and bound algorithmic framework can drastically
reduce the computational complexity that would otherwise be required. This is achieved by
implicitly enumerating all possible solutions, while applying pruning rules based on upper and
lower bounds to eliminate substantial regions of the search space that cannot lead to a better
solution – a lower 𝑀(𝑅) – than an incumbent best-known solution – an incumbent 𝑅.
At this point, it is useful to note that the strategy of the branch and bound search begins with
a root node, in this case, an empty candidate consensus ranking 𝑅0 , for which we calculate (i)
a lower bound that is an ex-ante estimation, and (ii) an upper bound that is an ex-post
calculation and follows a heuristic procedure, which extends 𝑅0 based on the ratio of times
each trait is ranked higher or lower relative to all other traits across all partial rankings to
provide an initial feasible solution (for further details, see Cook et al., 2007). Calculation of the
lower bound is described below, calculation of the upper bound uses Equation C1. The root
node, along with its bounds, is stored as the incumbent best-known solution. In turn, a set of
new nodes are created with each trait 𝑝 assigned to the first rank position of 𝑅0 , which
becomes a partial candidate consensus ranking 𝑅′ . Each time 𝑝 is appended to 𝑅0 (and,
subsequently, 𝑅′ ), a lower bound is derived. If the lower bound of any node is lower than the
upper bound of the incumbent best-known solution, an upper bound for is then derived and
this becomes an active node on the branch and bound tree. If the upper bound of a new active
node is also lower than the upper bound of the incumbent best-known solution, the new active
node becomes the new incumbent best-known solution. Whenever a new incumbent bestknown solution is found, all active nodes whose lower bound is greater than the upper bound
of the new incumbent best-known solution are pruned. Nodes are selected and explored
sequentially, with priority given to those with the lowest lower bound and the longest partial
ranking length. In this way, the branch and bound algorithm is a depth-first search strategy.
Following selection, nodes are also deactivated so they cannot be explored more than once.
Figure C1 SM2 is a flow chart to describe the branch and bound algorithm.
The lower bound for an empty candidate consensus ranking 𝑅0 , is calculated as:
𝑀(𝑅0 ) = ∑𝑝∈𝑃 ∑𝑞∈𝑃 min{𝑟𝑝𝑞 , 𝑟𝑞𝑝 }

Eq. D2

Where 𝑃 denotes the complete set of all traits.
For a partial candidate consensus ranking 𝑅′ , in which a subset of traits 𝑃1 ⊆ 𝑃 have been
assigned a rank position, but the remaining traits have not yet been assigned a rank position
𝑃2 = 𝑃 ∖ 𝑃1 , the lower bound is calculated as:
𝑀(𝑅′ ) = ∑𝑝∈𝑃1 ∑𝑞∈𝑃1 𝑟𝑝𝑞 𝐈(𝑅𝑝′ < 𝑅𝑞′ ) + ∑𝑝∈𝑃1 ∑𝑞∈𝑃2 𝑟𝑝𝑞 + ∑𝑝∈𝑃2 ∑𝑞∈𝑃2 min{𝑟𝑝𝑞 , 𝑟𝑞𝑝 }
Eq. D3
The search is concluded when the lower bounds of all remaining nodes of the branch and
bound tree are found to be of a higher value than the upper bound of the incumbent bestknown solution.
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Quantifying uncertainty
Obtaining the consensus ranking alone would be a statistically limited measure of overall
relative preference for each trait, given that, from a statistical perspective, a rank has a
sampling error in the same way as any other measured quantity based on the limited number
of times each trait is considered across studies (Marshall et al., 1998). We therefore followed
a bootstrap procedure, and randomly resampled observed rankings with replacement, rerunning the aggregate ranking procedure each time to derive a consensus ranking 𝑅𝑏𝑜𝑜𝑡,𝑏
based on the resampled rankings. We did this 𝑛 = 10,000 times, creating bootstrap consensus
rankings 𝑅𝑏𝑜𝑜𝑡,1 , … , 𝑅𝑏𝑜𝑜𝑡,𝑛 . For each trait 𝑝, we then created an ordered list of resampled rank
positions 𝑅𝑝𝑏𝑜𝑜𝑡 = (𝑅𝑝boot,1 , , … , 𝑅𝑝boot,𝑛 ). Thus, each trait has 𝑛 ≤ 10,000 rank positions, given
that, for each resample 𝑏, 𝑅boot,𝑏 was discarded if resampled rankings did not contain all 𝑝 ∈
𝑃, leading to some inevitable missingness. If the percentage of missing data were high this
would impact on the defensibility of the bootstrap approach, but in the current study this
percentage was low (0.21% missingness for the high-income dairy cattle analysis, and 0.23%
for the lower-income dual purpose cattle analysis).
Uncertainty was derived by taking the median of the ordered list of rank positions, as they
appear in 𝑅𝑝boot , and the upper and lower 95% confidence intervals 𝐶𝐼, taken as the ranks in
the 250th and 9750th positions, if 𝑛 = 10,000 and there was no missingness in 𝑅𝑝boot .

Figure C1 SM2 Flow chart to describe the branch and bound algorithm

XII | P a g e

Supplementary Material for Chapter 2
Appendix D SM2
Figure D1 SM2 Heat graphs to illustrate the total number of pairwise comparisons between
all traits included in aggregate ranking of stakeholder preference data from (a) high-income
dairy cattle systems and (b) lower-income dual-purpose cattle systems. Traits are ordered
according to their respective rank positions in Figures 2.3a and Figure 2.3b (main text).
Comparisons are symmetric, so only the top right-hand half of the graph is shown (the bottom
left-hand half of the graph would be identical).

(a)

(b)
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Survey introduction and instructions
Thank you for your participation.
Firstly, you will be given some brief but important background information. You will also be asked questions about
yourself, your region and cattle system of interest.
You will then be asked to make a series of choices where you will give your opinion on the best and worst traits
that could be included in future genetic improvement programs.
Overview
Evidence suggests that future cattle production systems will become more variable. This variability may stem from
environmental, economic and social sources.
Cattle and cattle enterprises must be efficient and resilient in the face of variability, if they are to remain competitive.
Efficiency is the ratio of useful output to input; highly efficient cattle give maximum output from minimum input.
Resilient cattle can cope well with variability, and recover quickly from shocks (such as extreme weather events
and illness). Above all, resilient cattle will survive and reproduce, regardless of variability in their production system.
There is a trade-off between breeding for resilience and breeding for efficiency. Short term gains in efficiency may
not be favourable to long term gains in resilience, so the two are treated separately in this survey.
Variability
An obvious example of variability is a variable climate. Climate change is associated with increases in the
frequency and duration of extreme weather events, which will impact on many aspects of cattle physiology and
overall herd performance.
However, there are many more examples of variability that can impact on cattle, such as changes in how cattle
are valued and changes in consumer demand for different attributes of cattle products (e.g. one of many scenarios
may be a demand for higher quality meat and higher welfare, but lower overall consumption and less carbon
emissions).
Efficiency
Efficiency, in the context of a dairy cow, might describe the amount of feed needed for a given volume of milk. It
might also describe the number or timeliness of viable daughters produced, the milking speed of a cow, or the
emissions per unit of milk, and combinations of all and many more examples. And so, you can see that although
efficiency has a simple definition, there is complexity in how it is measured.
Resilience
Resilient cattle may continue to survive and reproduce by being amongst the healthiest, the most productive, the
most fertile, producing the tastiest offspring, having the lowest carbon footprint, and combinations of all and many
more examples depending on the challenge(s) being faced.
How to proceed
You will now be faced with a series of choices, similar to the example below. In each choice, you will be presented
with four traits that are either part of a current genetic improvement program, or could be considered for future
inclusion.
You may be unfamiliar with some traits. For this reason, definitions will appear below every choice set.
For each trait, a possible improvement over 10-years is also given. This is based on a hypothetical breeding
situation where cattle are selectively bred based on their performance on a single trait. Please consider your
choices in the context of this 10-year time-frame.
Possible improvements given were calculated using data from Holstein or Holstein Friesian cattle.
When making choices, it is important that you consider each trait in isolation, so ignore interactions between
traits and assume all else is equal.
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Agreement between count method (mean Best-Worst score) and estimates from multinomial
logistic model.

Figure B1 SM3 Correlation between the mean BW score and MNL logit estimates at the
aggregate sample level for efficiency and resilience choice-scenarios.
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Model fit for the latent class analysis (Figure C1 SM3), and conditional probability of class
membership (Figure C2 SM3). The raw output of the latent class model for the efficiency and
resilience scenarios can be found in Table C1 SM3.

Figure C1 SM3 Model fit plots for latent class model with increasing number of classes. For
both classes, majority improvement in fit occurs up to the third class. The choice of class
number requires judgement on behalf of the researcher, who aims to balance not only model
fit, but also interpretability of the resulting preference classes, and class membership as a
proportion of the whole sample.
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Figure C2 SM3 Conditional probability (CP) of class membership was high for both three class
models, meaning the models could distinguish well between the choices of members of each
class. Binomial distribution is clear for efficiency CP class plots (above) and resilience CP
class plots (below). Additionally, we see a high highest mean CP for each respondent across
all three classes (below-right in both groups of plots, note different scale for X-axis).
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Table C1 SM3 The raw utility estimates for traits within each class, for each production
scenario. These utility estimates were used to derive the ratio-scaled probability scores. One
trait, the environmental trait, Emissions: CH4, is omitted for model identification purposes.
Trait
Production: protein yield

Efficiency scenario
Std.
Class
Est
Err.
0.206
1
3.478*

Resilience scenario
Std.
Class
Est
Err.
1
-0.592*
0.152

Calving: calving ease

1

1.738*

0.214

1

1.691*

0.160

Fertility: calving interval

1

1.832*

0.204

1

1.860*

0.168

Survival: DPL

1

4.354*

0.272

1

3.291*

0.183

Maintenance: RFI
Disease: Mastitis
resistance
Heat tolerance

1

3.726*

0.207

1

1.002*

0.151

1

3.061*

0.210

1

3.174*

0.169

1

1.600*

0.196

1

2.654*

0.172

Production: protein yield

2

-0.181

0.202

2

-0.135

0.270

Calving: calving ease

2

-2.251*

0.205

2

1.531*

0.289

Fertility: calving interval

2

-1.303*

0.207

2

0.815*

0.288

Survival: DPL

2

-0.260

0.195

2

4.801*

0.455

2

0.742*

0.210

2

0.917*

0.280

2

-1.439*

0.236

2

2.609*

0.327

-2.356*
1.351*

0.212
0.243

2
3

-0.622*
0.046

0.278

Production: protein yield

2
3

Calving: calving ease

3

-0.304

0.213

3

-0.790*

0.172

Fertility: calving interval

3

0.425*

0.196

3

-0.963*

0.172

Survival: DPL

3

-0.284

0.227

3

0.749*

0.176

Maintenance: RFI
Disease: Mastitis
resistance
Heat tolerance

3

0.468

0.289

3

0.400*

0.165

3

0.857*

0.217

3

1.434*

0.175

3

0.144

0.218

3

0.726*

0.171

Maintenance: RFI
Disease: Mastitis
resistance
Heat tolerance

Log likelihood
BIC
Observations
* (individuals)
significant at p<0.05
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-2358.53

-2288.92

4819.25

4680.03

9520 (85)

9520 (85)

0.182
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Statistical associations between membership of latent class and socio-demographic characteristics of
respondents.
Table E1 SM3 Statistical association between respondent region and latent class membership.
Variables are dichotomous.

Region
Alpine

Obs
Exp
Column %
Res
Std. Res
Adj. Res
Atlantic
Obs
Exp
Column %
Res
Std. Res
Adj. Res
Continental
Obs
Exp
Column %
Res
Std. Res
Adj. Res
Northern
Obs
Exp
Column %
Res
Std. Res
Adj. Res
Southern
Obs
Exp
Column %
Res
Std. Res
Adj. Res
Class share (%)
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Efficiency Class
Class 1 Class 2 Class 3
3
2
7
5.36
1.27
5.36
8.8
22.2
19.4
-2.36
0.73
1.64
-1.02
0.65
0.71
-1.49
1.27
1.15
16
5
9
13.41
3.18
13.41
47.1
14.7
26.5
2.59
1.82
-4.41
0.71
1.02
-1.2
1.03
2.01
-1.96
6
0
9
6.71
1.59
6.71
17.6
0.0
26.5
-0.71
-1.59
2.29
-0.27
-1.26
0.89
-0.4
-2.47
1.44
6
1
4
4.92
1.16
4.92
17.6
2.9
11.8
1.08
-0.16
-0.92
0.49
-0.15
-0.41
0.71
-0.3
-0.67
3
1
7
4.92
1.16
4.92
8.8
2.9
20.6
-1.92
-0.16
2.08
-0.86
-0.15
0.94
-1.26
-0.3
1.53
46
30
24

X²

X² =
2.282
p=
0.341

X² =
4.633
p=
0.105

X² =
2.972
p=
0.252

X² =
0.497
p=
0.898

X² =
1.899
p=
0.379
-

Resilience Class
Class 1 Class 2 Class 3
8
1
3
6.35
1.84
3.81
18.6
10.0
11.5
1.65
-0.84
-0.81
0.65
-0.62
-0.42
0.95
-1.21
-0.68
16
7
7
15.88
4.59
9.53
37.2
16.3
16.3
0.12
2.41
-2.53
0.03
1.13
-0.82
0.04
2.21
-1.33
10
0
5
7.94
2.29
4.76
23.3
0.0
11.6
2.06
-2.29
0.24
0.73
-1.51
0.11
1.07
-2.97
0.18
6
1
4
5.82
1.68
3.49
14.0
2.3
9.3
0.18
-0.68
0.51
0.07
-0.53
0.27
0.11
-1.03
0.44
3
1
7
5.82
1.68
3.49
7.0
2.3
16.3
-2.82
-0.68
3.51
-1.17
-0.53
1.88
-1.71
-1.03
3.05
53
16
32

X²

X² =
1.141
p=
0.586

X² =
2.998
p=
0.248

X² =
3.448
p=
0.176

X² =
0.408
p=
0.836

X² =
5.931
p=
0.048
-
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Table E2 SM3 Statistical association between respondent profession and latent class membership.
Variables are dichotomous.
Efficiency Class
X²
Resilience Class
Class 1 Class 2 Class 3
Class 1 Class 2 Class 3
Research
Obs
6
4
9
10
5
4
Exp
8.49
2.01
8.49
X² =
10.06
2.91
6.04
Column %
21.4
50.0
29.0
3.513
29.4
41.7
19.0
Res
-2.49
1.99
0.51
p=
-0.06
2.09
-2.04
Std. Res
-0.86
1.40
0.17
0.172
-0.02
1.23
-0.83
Adj. Res
-1.25
2.75
0.28
-0.03
2.41
-1.35
Breeder
Obs
8
1
7
11
1
4
Exp
7.15
1.69
7.15
X² =
8.47
2.45
5.08
Column %
28.6
12.5
22.6
0.478
32.4
8.3
19.0
Res
0.85
-0.69
-0.15
p=
2.53
-1.45
-1.08
Std. Res
0.32
-0.53
-0.06
0.808
0.87
-0.93
-0.48
Adj. Res
0.46
-1.05
-0.09
1.27
-1.81
-0.78
Consultant
Obs
4
2
10
7
1
8
Exp
7.15
1.69
7.15
8.47
2.45
5.08
X² =
Column %
14.3
25.0
32.3
20.6
8.3
38.1
3.176, p
Res
-3.15
0.31
2.85
-1.47
-1.45
2.92
= 0.221
Std. Res
-1.18
0.24
1.06
-0.51
-0.93
1.29
Adj. Res
-1.72
0.46
1.73
-0.74
-1.81
2.11
Farmer*
Obs
5
1
1
2
4
1
Exp
3.13
0.74
3.13
X² =
3.71
1.07
2.22
Column %
17.9
12.5
3.2
2.896
5.9
33.3
4.8
Res
1.87
0.26
-2.13
p=
-1.71
2.93
-1.22
Std. Res
1.06
0.30
-1.20
0.198
-0.89
2.83
-0.82
Adj. Res
1.55
0.59
-1.96
-1.29
5.55
-1.34
Veterinarian
Obs
5
0
4
4
1
4
Exp
4.02
0.95
4.02
X² =
4.76
1.38
2.86
Column %
17.9
0.0
12.9
1.331
11.8
8.3
19.0
Res
0.98
-0.95
-0.02
p=
-0.76
-0.38
1.14
Std. Res
0.49
-0.98
-0.01
0.706
-0.35
-0.32
0.67
Adj. Res
0.71
-1.91
-0.02
-0.51
-0.63
1.10
Class share (%)
46
30
24
53
16
32
* significant at p<0.01; where significant, bold denotes adjusted residuals ±2
Profession

X²

X² =
2.828
p=
0.260

X² =
2.269
p=
0.321

X² =
3.432
p=
0.223

X² =
10.324
p=
0.009

X² =
0.762
p=
0.730
-
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Table E3 SM3 Statistical association between respondent education-level and latent class
membership. Variables are dichotomous.
Efficiency Class
X²
Resilience Class
Class Class Class
Class Class
Class
1
2
3
1
2
3
Below
Obs
10
0
1
5
4
2
University-level* Exp
4.92
1.16
4.92
5.82
1.68
3.49
X² =
Column %
35.7
0
2.7
11.1
44.4
8.0
10.96
p=
Res
5.08
-1.16
-3.92
-0.82
2.32
-1.49
0.004
Std. Res
2.29
-1.08
-1.77
-0.34
1.79
-0.80
Adj. Res
5.00
-1.95
-2.87
-0.74
3.24
-1.30
Class share (%)
46
30
24
53
16
32
* significant at p<0.05; where significant, bold denotes adjusted residuals ±2

X²

Education

X² =
4.535
p=
0.096

-

Table E4 SM3 Statistical association between membership to one latent class and
membership to another. Variables are dichotomous.

Efficiency class
Class 1

Obs
Exp
Column %
Res
Std. Res
Adj. Res
Class 2
Obs
Exp
Column %
Res
Std. Res
Adj. Res
Class 3*
Obs
Exp
Column %
Res
Std. Res
Adj. Res
Class share (%)

Efficiency Class
Class 1 Class 2 Class 3
46
30
24

X²

-

-

-

-

Resilience Class
Class 1 Class 2 Class 3
21
9
8
20.12
5.81
12.07
46.7
69.2
29.6
0.88
3.19
-4.07
0.20
1.32
-1.17
0.29
2.59
-1.19
2
3
4
4.76
1.38
2.86
4.4
23.1
14.8
-2.76
1.62
1.14
-1.27
1.38
0.67
-1.85
2.71
1.10
22
1
15
20.12
5.81
12.07
48.9
7.7
55.6
1.88
-4.81
2.93
0.42
-2.00
0.84
0.61
-3.91
1.37
53
16
32

* significant at p<0.017; where significant, bold denotes adjusted residuals ±2
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X²

X² =
5.716
p=
0.057

X² =
4.445
p=
0.099

X² =
8.809
p=
0.010
-

Supplementary Material for Chapter 4

Supplementary material for Chapter 4
Appendix A SM4
Pseudo-code for simulation model
START
Model initialisation
Initialise parameters object (includes get and set functionality for fields)
Generate herd of Dams and Sire team, and initialise relevant attributes (e.g. age, TBV)
Store Dams in parameters object and update their £EBV
Daily functions
For each day in the simulation
Increment parameters
Weather variables updated in the parameters object
All applicable counter and status fields for each individual are incremented (e.g. age, days pregnant,
DIM)
Fertility function
For Dams
If Dam is open, not in VWP and heat is detected
Dam bred with randomly selected Sire
Dam’s known pregnancy status updated to “Bred”
Herd-level counter for AIs updated
Conception occurs with a probability dependent on phenotype for NINS
trait and THI
Else if Dam is not pregnant
Next heat set from truncated normal distribution
Else if Dam is pregnant and 281-d gestation
Dam calves
Calving success depends on probability of stillbirth parturition
If calving is successful
New Youngstock object initialised and stored in parameters
object
Dam’s post-calving parameters reset (e.g. known pregnancy
status updated to “Open”)
Dam’s lactation parameters updated (e.g. lactating set to
TRUE)
For Youngstock
If Heifer is approximately 60% of mature bodyweight
Heifer is initialised as Dam object, where she will be eligible to breed on her next
heat
Mastitis function
For individuals who are lactating, dry, have a current case of subclinical mastitis, or are ≥274-d
pregnant
Mastitis infection occurs with probability dependent on phenotype for MAS trait, THI, and
previous occurrence of mastitis
If mastitis infection occurs
Severity of mastitis case assigned as subclinical, clinical or permanent
severe, with probabilities dependent on lactation status and parity
Set counter for duration of mastitis infection
(Re)set counter for days since last mastitis case
If mastitis case is subclinical
Increase in SCC/ml drawn from uniform distribution (1e56e5)
Else if mastitis case is clinical or permanent severe
Herd-level counter for mastitis treatments
If mastitis case is permanent severe
A randomly selected, active quarter is made nonfunctional
Herd-level counter for lost quarter
Yield function
For lactating Dams
Daily lactation yields (milk, fat and protein) are determined, based on phenotypes for yield
traits (MY, FY, PY), THI, DIM, parity, gestation stage, whether or not their last parturition
was a stillbirth, subclinical mastitis infection, clinical mastitis infection, and presence of nonfunctioning quarters

XXIII | P a g e

Thesis: Jay Burns
Bodyweight function
For Dams and Youngstock
Bodyweight determined as a function of parameters including age, DIM, and days pregnant
Feed intake function
For Dams
If Dam is lactating
DMI determined based on phenotype for DMI trait, age, THI, DIM, parity, and
bodyweight
Else if Dam is nulliparous
DMI determined based on age and bodyweight
Else if Dam is dry
DMI based on default dry cow value
For Youngstock
If individual is pre-weaned
DMI, which consists of liquid and solid feed, determined based on age and milk
replacer intake
Else if individual is weaned
DMI determined based on age and bodyweight (same as nulliparous Dam)
Mortality (and culling) function
For all individuals
Mortality occurs with probability dependent on phenotype for DL, THI, heatwave status, and
life-stage
If individual is pregnant
Embryonic mortality occurs with probability dependent on gestation stage
Herd-level functions
Calculate: mastitis incidence rate, mastitic milk withdrawal, bulk milk and bulk milk SCC
Data collection function
Daily data is collected on all individuals, including yields, mortality (and reason), mastitis incidence,
pregnancy status, DMI, age, parity, gestation stage, DIM, bodyweight, etc.
Daily data is collected on herd, including mastitis incidence rate, bulk milk and bulk milk SCC
Both daily datasets are combined and stored in the parameters object
Removal of dead individuals
All individuals for whom mortality occurred are removed from the herd
Functions occurring less often than daily
Some functions occur less frequently in the simulation
Every 30-days
Herd rebalance
If the total number of lactating cows and >=275-d pregnant Dams is more than ±5% of target herd
size
If >5%
All open, late lactation Dams are ranked primarily based on £EBV, with a number
of them, equal to the surplus, culled
Else if <5%
A number of late gestation heifers, equal to the deficit, are bought in
Sire team
A new pool of sires is generated, for random selection in mating events
Data collection function
All 30-days of daily data is combined and exported from the parameters object to a simulation output
file
Every 120-days
For all individuals
EBVs and £EBV are recalculated
Every 180-days
For Youngstock who are <=6-months post-weaning
Replacement rate is calculated as a function of herd age-class structure and calving rate
If the number of replacements required is less than the number of Youngstock who are <6months post-weaning
All are ranked based on £EBV, and a number of the highest ranking, equal to the
number of replacements required, are selected
END
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Economic values for all traits, relative economic values and sensitivity of the index.
Production traits (MY, FY, PY)
In the derivation of weights, we assumed no volume bonus for milk yield, +3.17 ppkg per +1%
fat, and +4.76 ppkg per +1% protein (Marco Winters, AHDB, personal communications, 2017).
Therefore, the value of +1 kg milk fat and protein were £3.17 and £4.76 per 305-day lactation,
respectively. The impact of increasing milk volume while holding fat and protein fixed was
calculated by increasing 305-day lactation milk yield and recalculating milk price according to
the payment schedule. Therefore, the value of +1 kg milk volume was -£0.001. Feed-costs
associated with the increased production were not backed out of these economic values since
DMI is accounted for in our breeding objective, and doing so would lead to issues of double
counting.
Non-production traits (DL, MAS, NINS, DMI)
The longevity trait DL was problematic. The traits represents length of life in years, whereas
longevity traits for dairy cow systems usually represent length of life in terms of lactations.
Because of the complexity of modelling the financial benefit of an extra year of life from scratch,
we used the last published economic value of longevity from the UK year-round calving index,
£PLI (Cottle and Coffey, 2013), which we assumed to be a reasonable trade-off. This gave a
value of £25.40 for DL.
For the health trait, MAS, we used estimates reported by Kossaibati and Esslemont (2000),
who modelled the costs of a single clinical case of mastitis and found it to be £175.6. The
proportion of cows affected by at least one clinical case of mastitis in UK systems, per parity,
was found to be 0.174 by Pritchard et al., (2013b), thus costing £30.55. Applying a 1% increase
in cases, gives an economic value for mastitis of -£1.756.
For the fertility trait, NINS, we used the estimated cost of extending a calving interval by one
day of £4.26 (Kingshay, 2021). The mean oestrus length is 22 days (Remnant et al., 2017),
and the cost of an additional insemination is £39.00 (Marco Winters, AHDB, personal
communications, 2017), so we estimate the economic value of one extra insemination as £132.72.
For the maintenance trait, DMI, we used the weighted cost of feed according to the feed-plans
designed for our production system by Lorna MacPherson (Senior Dairy Consultant, personal
communications, 2021) at -£0.066 per kg DM.
We acknowledge that current breeding indices place a higher weight on non-production versus
production traits, often at a ratio of around 60:40 (Miglior et al., 2017). However, our index
does not include many important non-production traits, either with weighted directly or as
corollaries of included traits, so it is clear that our index is very bias towards production traits
compared with recent industry practice. We calculated the relative weighting of production
versus non-production traits for this index as approximately 65:35; Table B1 SM4. We
artificially increased the economic value of non-production traits by 100% as a crude sensitivity
analysis on the index; Table B2 SM4.

XXV | P a g e

Thesis: Jay Burns

Table B1 SM4 Economic values (EV), index weights (Indx wgt) and relative economic
values (REWs) of assumed selection index.
Trait

h2

MY

0.400

FY

𝝈𝒑

EV

Index wgt

REW

895

-0.001

0.0112

0.0005

0.391

35

3.17

7.3328

0.2761

PY

0.390

27

4.76

9.9906

0.3762

DL

0.061

1.96

25.4

2.1692

0.0817

MAS

0.040

0.28

-1.756

3.7041

0.1395

NINS

0.020

1.27

-132.72

2.9914

0.1126

DMI

0.267

416.5

-0.066

0.3596

0.0135

Table B2 SM4 Crude sensitivity analysis of assumed selection index, showing response to
selection when assuming higher economic value on non-production traits. Column headings
as described in Table B1 SM4.
Trait

h2

MY

0.400

FY

𝝈𝒑

EV

Indx wgt

REW

895

-0.001

0.0112

0.0003

0.391

35

3.17

7.3328

0.2049

PY

0.390

27

4.76

9.9906

0.2792

DL

0.061

1.96

50.8

4.3417

0.1213

MAS

0.040

0.28

-3.512

7.4081

0.2070

NINS

0.020

1.27

-132.72

5.9827

0.1672

DMI

0.267

416.5

-0.066

0.7193

0.0201
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A practice abstract detailing the use of scenarios to test innovative tools in research. This brief
was prepared as a deliverable for the H2020 GenTORE project.
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Table A1 SM5 Description of fixed effects in statistical models
Term

Class

Description

Scenario

Factor (2 levels)

Simulation uses static baseline phenotype or
dynamic baseline phenotype (with respect to
weather)

Month

Factor (12 levels)

Month 1-12 (January – December)

Year

Continuous

Year 1-20 (2021 – 2040)
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Appendix B SM5
Table B1 SM5 Raw model summary for ECM (kg/head).
Estimate

Std. Err

t-value

(Intercept)

23.1553***

0.0152471

1518.672

Month.fct2

0.0319˙

0.0190615

1.674

Month.fct3

0.0522**

0.0190615

2.738

Month.fct4

0.0848***

0.0190615

4.451

Month.fct5

0.1368***

0.0190615

7.177

Month.fct6

0.1715***

0.0190615

8.996

Month.fct7

0.2063***

0.0190615

10.824

Month.fct8

0.2404***

0.0190615

12.61

Month.fct9

0.2706***

0.0190615

14.197

Month.fct10

0.3084***

0.0190615

16.179

Month.fct11

0.3427***

0.0190615

17.98

Month.fct12

0.3761***

0.0193137

19.474

Scenariotreatment

0.0440**

0.0158697

2.774

Year

0.4201***

0.0006788

618.935

Month.fct2:Scenariotreatment

-0.1681***

0.0198398

-8.472

Month.fct3:Scenariotreatment

-0.3169***

0.0198398

-15.974

Month.fct4:Scenariotreatment

-0.5331***

0.0198398

-26.871

Month.fct5:Scenariotreatment

-1.0478***

0.0198398

-52.815

Month.fct6:Scenariotreatment

-1.8510***

0.0198398

-93.298

Month.fct7:Scenariotreatment

-2.2268***

0.0198398

-112.239

Month.fct8:Scenariotreatment

-2.0022***

0.0198398

-100.917

Month.fct9:Scenariotreatment

-1.2162***

0.0198398

-61.301

Month.fct10:Scenariotreatment

-0.2026***

0.0198398

-10.214

Month.fct11:Scenariotreatment

0.2822***

0.0198398

14.224

Month.fct12:Scenariotreatment

0.1827***

0.0201023

9.09

Scenariotreatment:Year

-0.0269***

0.0007065

-38.069

˙p <0.1; *p < 0.05; **p < 0.01; ***p<0.001

XXX | P a g e

Supplementary Material for Chapter 5
Table B2 SM5 Raw model summary for gross margin (£/head).
Estimate

Std. Err

t-value

(Intercept)

126.964***

0.74835

169.659

Month.fct2

-0.7564

0.93556

-0.808

Month.fct3

-1.0124

0.93556

-1.082

Month.fct4

2.9467**

0.93556

3.15

Month.fct5

3.2834***

0.93556

3.51

Month.fct6

2.9912**

0.93556

3.197

Month.fct7

3.6387***

0.93556

3.889

Month.fct8

3.4543***

0.93556

3.692

Month.fct9

3.8350***

0.93556

4.099

Month.fct10

1.7424˙

0.93556

1.862

Month.fct11

1.8546*

0.93556

1.982

Month.fct12

1.5130

0.94794

1.596

Scenariotreatment

18.8957***

0.7789

24.259

Year

3.2877***

0.03332

98.677

Month.fct2:Scenariotreatment

-7.9412***

0.97377

-8.155

Month.fct3:Scenariotreatment

-26.4079***

0.97377

-27.119

Month.fct4:Scenariotreatment

-53.3669***

0.97377

-54.805

Month.fct5:Scenariotreatment

-71.2747***

0.97377

-73.195

Month.fct6:Scenariotreatment

-67.5846***

0.97377

-69.405

Month.fct7:Scenariotreatment

-46.9101***

0.97377

-48.174

Month.fct8:Scenariotreatment

-27.4098***

0.97377

-28.148

Month.fct9:Scenariotreatment

-17.0888***

0.97377

-17.549

Month.fct10:Scenariotreatment

-7.2802***

0.97377

-7.476

Month.fct11:Scenariotreatment

1.8231˙

0.97377

1.872

Month.fct12:Scenariotreatment

4.5927***

0.98665

4.655

Scenariotreatment:Year

-0.3429***

0.03468

-9.887

˙p <0.1; *p < 0.05; **p < 0.01; ***p<0.001
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Table B3 SM5 Raw model summary for total emissions (kg CO 2-eq/head).
Estimate

Std. Err

t-value

(Intercept)

1161.922***

4.5992

252.634

Month.fct2

4.3580

5.7498

0.758

Month.fct3

9.3789

5.7498

1.631

Month.fct4

-70.6718***

5.7498

-12.291

Month.fct5

-69.0992***

5.7498

-12.018

Month.fct6

-68.5273***

5.7498

-11.918

Month.fct7

-67.4262***

5.7498

-11.727

Month.fct8

-64.0693***

5.7498

-11.143

Month.fct9

-64.1595***

5.7498

-11.159

Month.fct10

9.5556˙

5.7498

1.662

Month.fct11

7.9352

5.7498

1.38

Month.fct12

13.5342*

5.8259

2.323

Scenariotreatment

-107.4192***

4.787

-22.44

Year

7.3265***

0.2048

35.78

Month.fct2:Scenariotreatment

39.6208***

5.9846

6.62

Month.fct3:Scenariotreatment

141.0260***

5.9846

23.565

Month.fct4:Scenariotreatment

289.0567***

5.9846

48.3

Month.fct5:Scenariotreatment

365.4631***

5.9846

61.067

Month.fct6:Scenariotreatment

321.8556***

5.9846

53.781

Month.fct7:Scenariotreatment

188.5177***

5.9846

31.5

Month.fct8:Scenariotreatment

77.1000***

5.9846

12.883

Month.fct9:Scenariotreatment

31.3818***

5.9846

5.244

Month.fct10:Scenariotreatment

5.3111

5.9846

0.887

Month.fct11:Scenariotreatment

-9.2694

5.9846

-1.549

Month.fct12:Scenariotreatment

-19.1207**

6.0638

-3.153

Scenariotreatment:Year

0.6416**

0.2131

3.01

˙p <0.1; *p < 0.05; **p < 0.01; ***p<0.001
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Table B4 SM5 Raw model summary for emissions intensity of ECM (kg CO 2-eq/kg ECM).
Estimate

Std. Err

t-value

(Intercept)

1.6482***

0.0062082

265.489

Month.fct2

0.0038

0.0077614

0.486

Month.fct3

0.0085

0.0077614

1.094

Month.fct4

-0.0905***

0.0077614

-11.661

Month.fct5

-0.0913***

0.0077614

-11.763

Month.fct6

-0.0930***

0.0077614

-11.986

Month.fct7

-0.0945***

0.0077614

-12.172

Month.fct8

-0.0909***

0.0077614

-11.717

Month.fct9

-0.0923***

0.0077614

-11.887

Month.fct10

-0.0054

0.0077614

-0.694

Month.fct11

-0.0099

0.0077614

-1.28

Month.fct12

-0.0044

0.0078641

-0.556

Scenariotreatment

-0.1166***

0.0064618

-18.039

Year

-0.0134***

0.0002764

-48.523

Month.fct2:Scenariotreatment

0.0551***

0.0080783

6.824

Month.fct3:Scenariotreatment

0.1849***

0.0080783

22.891

Month.fct4:Scenariotreatment

0.3773***

0.0080783

46.702

Month.fct5:Scenariotreatment

0.5071***

0.0080783

62.772

Month.fct6:Scenariotreatment

0.5104***

0.0080783

63.178

Month.fct7:Scenariotreatment

0.3652***

0.0080783

45.211

Month.fct8:Scenariotreatment

0.2057***

0.0080783

25.465

Month.fct9:Scenariotreatment

0.1024***

0.0080783

12.676

Month.fct10:Scenariotreatment

0.0198*

0.0080783

2.454

Month.fct11:Scenariotreatment

-0.0221**

0.0080783

-2.738

Month.fct12:Scenariotreatment

-0.0322***

0.0081852

-3.939

Scenariotreatment:Year

0.0007*

0.0002877

2.358

*p < 0.05; **p < 0.01; ***p<0.001
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Appendix C SM5
A selection of plots of real-world data for comparison with outputs of the simulation model
described in Chapter 4 and applied in Chapter 5.

Figure C1 SM5 Frequency of losses by month of lactation for dairy cattle across the UK
(source: Pritchard et al., 2013a). For comparison with Figure 4.5b (Chapter 4).

(a)

(b)

Figure C2 SM5 Seasonal variation in the proportion of fat (a) and protein (b) in milk
produced by Irish cows between 2017-2019 (source: Timlin et al., 2021). For comparison
with Figure 5.5 treatment scenario (Chapter 5).
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(a)

(b)

Figure C3 SM5 Body weight (BW) by lactation stage (week or day in milk, respectively)
based on (a) real-world data (source: NRC, 2001) and (b) simulated individuals for
primiparous and multiparous animals. Data from (a) was not used to inform the BW function
in the simulation.
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