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Breeding objectives of livestock and other agricultural species are usually profit maximising. The selec-
tion 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 defin-
ing both the breeding objective and the selection emphasis placed on traits that are included in associ-
ated 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 exter-
nalities. However, while stated preference methods offer promising conceptualisations of value in genetic
improvement programmes, 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 implementa-
tion 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 commonly stud-
ied 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.
� 2022 The Author(s). Published by Elsevier B.V. on behalf of The Animal Consortium. This is an open

access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
Implications

The application of preference-based approaches in the formula-
tion of breeding objectives is increasingly commonplace. These
approaches are useful where the derivation of value for traits
may be difficult because of structural issues of the production sys-
tem, because the total value of the trait does not transfer well via
conventional valuation methods, or because we want to account
for the heterogeneous motivations of stakeholders. In all cases,
the results are more relevant breeding objectives and selection
tools, which better reflect user values, and, consequently, can be
more readily adopted into practice. We present a systematic
review of published applications.
Introduction

Historically, anthropocentric genetic selection (or artificial
selection) has directed the evolution of livestock, and other agricul-
tural species (herein, subjects), primarily to meet the needs of con-
temporary human societies (Lawrence and Wall, 2014). In
developed agricultural systems, livestock are predominantly val-
ued in economic terms, not as a good themselves but on their per-
formance according to a set of underlying desirable characteristics
that exhibit quantifiable monetary value (Cole and VanRaden,
2017). Thus, in these systems, the main driver of genetic improve-
ment and future genetic options is economic efficiency. However,
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the needs of society are evolving, partly driven by a desire to
reduce the negative externalities of agricultural production
(Gamborg and Sandøe, 2005; Fuerst-Waltl et al., 2016), given the
projected global increase in population, urbanisation and con-
sumption of animal products (Godfray et al., 2010; Garnett,
2015; Seto and Ramankutty, 2016). As such, selection tools that
optimise economic efficiency alone may not sufficiently describe
the value of a breeding decision. In this regard, there is growing
interest in valuation methods based on an expanded utility frame-
work that are inclusive of the plural values that 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., 2010a;
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 pro-
gramme. The combination of traits that constitute the most desir-
able 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 breed-
ing 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 propor-
tion of that variation must be attributable to genetic differences
(heritability), and (iii) it must be possible to record the trait perfor-
mance 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 system, rela-
tive to other trait improvements (known as partial economic
weights). Normative methods, such as profit equations or bio-
economic 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 chan-
ged 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 eco-
nomic 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-Waltl et al.,
2016), and anecdotal evidence suggesting it is not always system-
atic. 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 objec-
tive functions.

Generally, this approach to selection has resulted in enormous
increases in agricultural productivity for almost 80 -years, with
many significant changes being achieved in a range of economi-
cally important traits such as growth rate, quality and quantity
of product (Miglior et al., 2017). However, as the sophistication
of selection methods developed, so too has the understanding of
value. Consequently, for most agricultural species, 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 non-yield
traits (Rauw et al., 1998). However, correlated decline in perfor-
2

mance 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
economically-important 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, which may indicate the belated acknowledgement of value
for such traits (Bell et al., 2011; Miglior et al., 2017). Yet, the pre-
dominant profit motive of the breeding objective still acts as a bar-
rier to appropriate inclusion of other traits whose value is not
reflected in, or only partly transferred via, the market, regardless
of practical importance, examples being some welfare-related
traits and methane emissions (Wall et al., 2010a; 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 a
correlated decline in societally-important phenotypes, obstructing
the attainment of value to producers and consumers (Rauw et al.,
1998).

Researchers and practitioners 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 pre-
clude, 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, where utility functions are estimated based on hypo-
thetical 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 revealed
preference methods avoid the risk of hypothetical bias (a common
criticism of stated preference approaches, see Fifer et al., 2014),
they also suffer from a number of disadvantages including diffi-
culty in extrapolating results outside of the specific production
and market environments for which data are available, difficulty
eliciting preference for unobserved traits, and collinearity imped-
ing 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 preference for both conventional
and novel traits in diverse production and market environments,
this paper will review published applications of stated preference
methods that are designed for both ex-situ and in-situ use.

Of course, the additional benefit of more accurately accounting
for stakeholder preference, by utilising such approaches in the for-
mulation 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 prefarm-gate actors. Although, as will be discussed, stated
preference methods do present opportunities to engage with
actors across the entire supply chain, and even consumers.

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 methodologies, potential
improvements, and recommendations for future research. We
address this knowledge gap by firstly describing the range, sophis-
tication and frequency of utilised methods (Current state of
research). Secondly, we discuss the selection and inclusion of traits
into the experimental design, and accounting for preference
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heterogeneity (Cross-cutting issues). 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 (Preferences into policy). To present our find-
ings, we use the context of uncertainty in preference estimation,
which we demonstrate using a consensus ranking of cattle traits
(Section 3) that capitalises on multiple partial rankings identified
in this systematic review. Specifics of our approach are outlined
in Section 2 (specifics of the rank aggregation procedure are pre-
sented in Section 4).
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 conduct-
ing 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 1, search strings that comprise a combina-
tion of key 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 can be found
in Supplementary Table S1). 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, con-
ference proceedings and PhD theses not returned in academic
database searches (a modified string was required due to restric-
tions on the complexity of searches by Google). Only English lan-
guage 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, keywords and abstract.
Following the removal of duplicates (86), 138 papers remained
for full-text review. Full-text review resulted in the removal of a
Table 1
Population Intervention Control Outcome (PICO) components of the review aim and
example elements of the utilised search string, with wildcards (defined below).

PICO
component

Description Example
string
elements

Population (Preferences of) Stakeholders in agricultural
production systems.

farm*
smallhold*
producer$

Intervention Method for eliciting preference towards
appropriate (within breed) breeding goals.

Prefer*
‘‘choice
experiment”
‘‘conjoint
analys?s”

Comparator (Differences in) Breeding objectives and
selection criteria (of different stakeholders
and stakeholder groups).

‘‘breeding
objective$”
‘‘selection
ind*”
‘‘selection
criteri*”

Outcome (Identification of preference for) traits in
breeding goals, resulting in more appropriate
direction of genetic improvement.

trait$
‘‘genetic
improvement”
attribute$

* 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.

3

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 Fig. 1. The final list of references for included papers can be
found in Supplementary Material S1 – references of reviewed
papers do not appear in the main reference list. On considering
literature for inclusion, strict criteria were applied at all stages of
the search process, outlined in Table 2.
Current state of research

Overview of literature

The current review reveals increasing interest over the past
three decades in deriving stakeholder preference for the formula-
tion of more appropriate agricultural breeding objectives. Our sys-
tematic search returned 84 examples of the use of such methods,
with sample size ranging from 9 to 1 371 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 to 2018. Coinciding with this
increasing use, we found included studies are also widely pub-
lished, with 34 different journals represented. Mostly, these jour-
nals fall under the 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 liter-
ature. The majority of articles focused on cattle (43%), small rumi-
nants (23%), and crops and forage (12%). Studies regarding non-
livestock agricultural species that met the inclusion criteria were
included as the methods still support the objectives of this review.
More unusual subjects such as trout, bees and llama were also fea-
tured, demonstrating the breadth of application of such methods.
Furthermore, although the majority of articles investigate prefer-
ences in lower-income countries (World Bank Country Classifica-
tion: non-high-income countries), there is increasing application
in high-income countries (World Bank Classification: high-
income countries); before 2010, few studies (13%) emanated from
European countries, but after 2010, this proportion increased sub-
stantially (23%).

Of all reviewed literature, 560 articles, the most common rea-
sons for exclusion were that articles used methods that could only
be used in-situ or used revealed preference methods. For example,
respondents performed a live phenotypic ranking exercise, where
they selected the best examples of a subject either from their
own stock, at a research station or in a market setting (for exam-
ples, see Ndumu et al., 2008; Gizaw et al., 2011; Nandolo et al.,
2016). Or, some revealed preference methods used historic sales
data in a hedonic valuation approach (for example, 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 bio-economic modelling alone, following a more tradi-
tional approach to deriving selection criteria according to market
conditions.
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, ordi-
nal scaling/scoring, and approaches based on the frequency of



Fig. 1. Flow diagram depicting search process, following Preferred Reporting Items for Systematic Reviews and Meta-Analyses recommendations (Moher et al., 2009).

Table 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 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 the preferences of stakeholders
Unambiguous method, with a clear explanation of sampling approach, sample size and statistical approach
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mentions. For all included literature, this categorisation is tabu-
lated in Supplementary Table S2.

However, between these categories, and sometimes within,
methods vary widely in terms of novelty and complexity. From
highly simplified approaches that are largely descriptive and pre-
sent 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, some of which also recognise sources of
preference heterogeneity (e.g. Byrne et al., 2012). Yet, the sophisti-
cation of the employed method does not appear to be linked to the
chronology, with moderately complex Delphi and choice-based
approaches utilised from the outset.

A detailed description of each article and tool is beyond the
scope of the current review, however, in Supplementary Table S3,
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 pre-
viously defined categories. Methods based on frequency of men-
tions 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
4

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 the frequency of mentions are weighted according
to the order of mentions (as in Bebe et al., 2003).
Delphi approach
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 identifica-
tion and evaluation of pasture traits with higher feed value to live-
stock. Authors compel respondents to arrive at 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 sev-
eral 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, the sample size ranged from 18 to 65
respondents. For these respondents, the remote manner of engage-
ment and the anonymity of deliberation give the added advantage
of freedom from the influence of dominant, high status or repeti-
tious individuals.

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
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enhanced with reasoned argument until consensus, or near con-
sensus, 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 oppor-
tunity 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 delib-
erate 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 soci-
etal 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 consen-
sus 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 multi-
modal consensus that indicates 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 the subjectiv-
ity of researchers may introduce bias. For example, Wheeler and
Corbett (1989) and Smith et al. (1997) use three rounds of deliber-
ation, whereas Henchion et al. (2016) advocate a ‘‘largely prag-
matic” 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 con-
vergence and consensus between respondents do exist, including
Wilcoxon signal rank test and Kendall’s W, as well as stability
within individual respondents across iterations, which may be
used to estimate uncertainty in the resulting consensus (both of
which are reviewed fully by 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
Fig. 2. Examples of choice tasks from studies using (clockwise from left) a discrete choice
Lim et al., 2012), and a partial profile choice experiment (sheep: Byrne et al., 2012) (permi
for improved Azawak zebu sires in Niger. Archives Animal Breeding 58, 251–259. https
gains for rainbow trout breeding objective using analytic hierarchy process. Journal of A
2012. A preference-based approach to deriving breeding objectives: Applied to sheep br
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application (Hasson et al., 2000), an important step in any method
that is discussed in more detail later.

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 demand (Lancaster,
1966). Similar to real-world decision-making, respondents are pre-
sented 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 Fig. 2). The optional inclusion of a monetary attribute can be
used to translate relative utility into monetary terms, which can
be especially useful for traits without market value; Supplemen-
tary Table S2 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.

Partly owing to the ease of engagement with producers, proces-
sors and consumers alike, these approaches have become the most
popular option over the past two decades. However, one disadvan-
tage 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 (as mentioned in Ragkos and Abas, 2014). 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,
experiment (cattle: Siddo et al., 2015), an analytic hierarchy procedure (trout: Sae-
ssions obtained). Sources: Siddo et al., 2015. Breeding criteria and willingness to pay
://doi.org/10.5194/aab-58-251-2015. Sae-Lim et al., 2012. Defining desired genetic
nimal Science 90, 1766–1776. https://doi.org/10.2527/jas.2011-4267. Byrne et al.,
eeding. Animal 6, 778–788. https://doi.org/10.1017/S1751731111002060.

https://doi.org/10.5194/aab-58-251-2015
https://doi.org/10.2527/jas.2011-4267
https://doi.org/10.1017/S1751731111002060
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researchers are then restricted to specific combinations of traits
and levels, in order to prevent trade-offs between balance, orthog-
onality and, in consequence, accuracy (discussed in detail by
Mangham et al., 2009). This drawback is exemplified in Sy et al.
(1997), where authors reduce an initial set of 18 traits of interest,
to just 6 traits in the final experimental design. Notably, however,
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 that is 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;
Hess et al., 2012; Watson et al., 2017), which suggests this concern
is overstated.

Despite this evidence, prevailing concerns for respondent fati-
gue see some authors using adaptive choice-based conjoint analy-
sis, and some authors increasing the number of observations per
choice set. With adaptive choice-based conjoint analysis, the num-
ber of choices presented to respondents is minimised by methods
that identify implicit choices as corollaries of explicit choices, such
as the method used by Smith and Fennessy (2011), which follows
the logical property of transitivity (for a full description, see Han-
sen 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 (Smith and Fennessy, 2011; Byrne et al., 2012;
Martin-Collado et al., 2015; Slagboom et al., 2016b). 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 (Nielsen and Amer,
2007) and variance of estimates (Chrzan and Elrod, 1995). Simi-
larly, the choice-based analytic hierarchy approach capitalises on
cognitively undemanding pairwise comparisons, but without the
need for specific licensed software as with the adaptive approaches
(Sae-Lim et al., 2012; Kariuki et al., 2017). Advocates of these
methods suggest the main benefit is to reduce cognitive burden
on respondents, where cognitive burden can lead respondents to
employ undesirable choice-making strategies. These include attri-
bute non-attendance, in which 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 accord-
ing to a more comprehensive set of traits (such as Tano et al., 2003)
might better mimic real-life trade-offs encountered by stakehold-
ers, a more precise estimation of preference is likely with simpli-
fied choices (such as Omasaki et al., 2016); a broad discussion of
strategies and consequences is presented in Martin-Collado et al.
(2018).

Aside from adaptive choice-based conjoint analysis and analytic
hierarchy approach, some authors increase the number of observa-
tions per choice set by focusing on the non-chosen alternatives,
enabling the collection of more data without substantial modifica-
tions to the traditional DCE approach. For example, Zander and
Ducker (2008) use a choice ranking approach, in which respon-
dents 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 information rel-
ative to traditional DCE approaches, such as that offered by the
best-worst scaling approach (see Louviere et al., 2015; Burns
et al., 2022); or more flexible econometric specifications, such as
the multinomial mixed logit or logit-mixed logit models (discussed
by Scarpa et al., 2020).

Contingent valuation
Generally, the contingent valuation method is a popular econo-

metric tool, given its usefulness in measuring value under hypo-
6

thetical but plausible market conditions. However, in the current
field, the tool is somewhat under-utilised (see Supplementary
Table S2). In the featured articles, the main difference in the struc-
ture of contingent valuation compared with choice-based
approaches is that respondents are asked directly for their willing-
ness to pay for hypothetical improvements in identified traits that
are described to them, as opposed to this being derived indirectly.
The hypothetical market and goods are usually detailed to respon-
dents in terms of: what changes (e.g. traits), how these changes
may affect the respondents or the market, where the changes take
place, and who pays for them. Respondents then decide if this is a
change they are willing to pay for, and how much they are willing
to pay. Specifically, in von Rohr et al. (1999), a group of Swiss pig
meat quality experts were tasked with identifying the value of
eight pig meat 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 sub-
ject 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 pro-
cessed 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 car-
casses 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, in this study, respondents were not
forced to consider the total value difference of a carcass that
included all assumed trait improvements, which could mean it is
difficult for respondents to ensure they do not overvalue changes.

To circumvent this, an alternative approach by Edel and Demp-
fle (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 in estimates 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 conclusions, which can be difficult to control
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 respec-
tive valuations. Future research may also seek to draw on different
question formats, other than open-ended format as used by the
reviewed studies, which may increase statistical efficiency (for an
overview, see Pearce and Özdemiroglu, 2002).

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 howmuch 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 eli-
cited directly as respondents distribute a given number of points
between a given set of traits. Proportional piling is useful in
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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 (as in Gizaw et al., 2018).
Distinct from ordinal approaches, such as ranking, rating and scal-
ing, the outputs are numerically meaningful and are easily con-
verted 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 context of lower-income
countries, however, there has been growing interest in high-
income countries, where researchers have expanded the capabili-
ties 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 pro-
ducers in Ontario, Canada. The weights obtained from the propor-
tional piling approach directly informed the formulation of a
modified selection index. Their index is modified because it disre-
gards genetic correlations in the conventional sense, due to issues
of complexity in deriving such parameters for the target popula-
tion. 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 par-
ticipants 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).

A variation on the proportional piling approach was devised by
Ahlman et al. (2014) and applied to Swedish dairy producers, and
later to Swedish pig producers by Wallenbeck et al. (2016). The
approach involved a three-stage, iterative expansion of the propor-
tional piling approach. In the first step, respondents ranked 15
breeding objective traits. Secondly, respondents distributed 100
points between their top five ranked traits, as selection weights.
Respondents could then simulate the longer-term selection
response of their decision, which included the correlated response
of all 15-original 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 for 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 not yet capitalising 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 and
possible coping strategies employed by respondents to deal with
it, which is highlighted as a substantial knowledge gap by
Martin-Collado et al. (2018). This could be especially useful as
choice-making heuristics can be difficult to identify and control
for unless it is explicitly made part of the experimental design
(Brouwer et al., 2010). For traits with high societal value, it may
also give respondents the freedom to advance discussion of their
importance.

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
7

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 anal-
ysed accordingly, however, in the reviewed articles, this is almost
never the case, with researchers applying problematic assumptions
in their analysis leading to inadequate and sometimes inappropri-
ate investigation of stakeholder preference, as will be discussed.

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 1st, 2nd and 3rd position,
was popularised in numerous subsequent studies (Mbuku et al.,
2010; Getachew et al., 2010, 2011; Bett et al., 2011; Okeno T O,
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
rank positions of traits, the initial weighted rank assumes the rank
position is a numeric variable, with questionable results: see
Table 3. 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. see Supplementary Material S2, dis-
cussed more later), researchers are assuming that the distance
between each ranked item is equal, and thus, that more informa-
tion is contained in the ranking than there actually is. In the least,
analytic choices that do not respect the properties of data should
be accompanied by some justification.

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 by 4 traits (includ-
ing a monetary attribute). Authors could then reliably estimate the
trade-offs respondents were willing to make between traits associ-
ated with indigenous and high-producing dairy cows, such as
between disease resistance and milk yield, respectively. As
explained in Section 3.2.2, the limitation here is the number of
traits that can be included while reducing possible undesirable
effects of decision fatigue for respondents.

Simple ranking-based approaches are not likely to give a 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 also because this approach is not commensurate to the provi-
sion of scaled values that are required for the formulation of selec-
tion 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 con-
sider the analytic procedure, and the considerable strengthening
of conclusions that is achievable with minor methodological mod-
ifications; for example, following an appropriate rank aggregation
procedure, such as a distance-based approaches using Spearman’s
foot rule distance or Kemeny optimal aggregation (for example, the
procedure outlined in Supplementary Material S2 or see Lin, 2010),
over the problematic approach presented by Bett et al. (2009) that
has become popular in this field.

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 useful for characteris-
ing breeding objectives more generally, or as an initial step as part



Table 3
An extract from Bett et al (2009) on trait preferences for dairy goat producers in Kenya (permission obtained). 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. A subjective judgement might suggest the
ordering is better represented as milk yield > body size > fertility > growth rate (or at least that there is some heterogeneity in the preferences of the population, especially with
respect to body size).

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

Source: Bett et al., 2009. Analysis of production objectives and breeding practices of dairy goats in Kenya. Tropical Animal Health and Production, 41, 307–320. �Springer
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of a wider experimental design. The specific drawback with meth-
ods based on rating, scoring and scaling is that respondents are not
required to make any trade-offs between traits, because it is possi-
ble 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 is that
respondents may be inadvertently incentivised to designate all
traits as highly important, thus preventing researchers from deriv-
ing 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, consider-
ation 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., 2012b; Marshall
et al., 2016), can be inappropriate. For this reason, researchers
should remain cautious that, if parametric statistics are to be uti-
lised 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).
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 confin-
ing themselves to a limited disciplinary silo. These tools have been
already routinely applied in other contexts, for example Delphi
approach in the healthcare field (see de Meyrick, 2003), choice-
based approaches in environmental valuation (see Mariel et al.,
2021), and the contingent valuation approach in sustainable devel-
opment (see Stigka et al., 2014); in these fields, it is typical that no
market value exists for goods under study. These fields can also
provide insight into broader issues of survey research design, such
as maximising response rate and minimising self-selection bias to
help avoid patterns of non-response that are non-random (see Che-
ung et al., 2016; Mariel et al., 2021). 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 devel-
opment of selection tools, scaled valuations are required, and not
all methods covered herein can provide this (e.g. ranking, rating,
scoring, scaling). Despite this, methods that cannot provide scaled
values can still play an important role in characterising a breeding
objective or as preliminary steps in a larger experimental design.
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Reviewed studies also state manifold aims. The majority of arti-
cles use preference elicitation 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 (as in Smith and Fennessy, 2011;
Sae-Lim et al., 2012), (ii) to understand preference heterogeneity
between different segments of industry stakeholders (as in Sy
et al., 1997; Rozzi et al., 2007), (iii) to value novel traits based on
their perceived importance relative to traits of known value (as
in 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 (as in Muchadeyi et al.,
2009; Traoré et al., 2017).

With diverse methodologies and numerous aims, there may be
differences in the results between studies (i.e. the value of traits).
To explore the extent of this uncertainty, we used a rank aggrega-
tion procedure for the most commonly studied subject: cattle. The
rank aggregation procedure is described fully in Supplementary
Material S2, 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) (Burns and
Butler, 2020). Fig. 3(a) and 3(b) depict the aggregation of 65 rank-
ings across 24 studies for cattle in high-income dairy systems (14
traits) and lower-income dairy and dual-purpose systems (13
traits), respectively. Differences in breeding objectives are clear
between respondents represented in Fig. 3(a) and 3(b); for exam-
ple, 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 of 3(a). There
is also a difference in the ranks of type traits, which appear more
favoured in 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, uncertainty is high. For example,
across both figures, only ten out of 27 traits 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 fre-
quency of trait appearance across the sampled rankings is clearly a
contributing factor; however, it is also clear that there are addi-
tional drivers of uncertainty (for example, some traits have a high
frequency of appearance and high uncertainty). It is likely that
heterogeneity exists between studies due to variation in respon-
dent 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? In addition to this, it is likely that uncertainty is
introduced by the range of non-standardised methodological
approaches. Given this, there are two points to emphasise that



Fig. 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 dairy and dual-purpose cattle
systems (n = 44). Large (red) point estimates indicate ranking according to the
minimum violations approach (Supplementary Material S2). Small (orange) point
estimates, small (yellow) diamond estimates and error bars indicate median rank,
mode rank and 95% confidence interval, respectively, based on 10 000 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 Supplementary Figure S1
.
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apply generally across the methodologies; firstly, on the consistent
selection of traits for inclusion in studies, and secondly on identi-
fying heterogeneous preferences in the respondent population.
That is, assuming all methodologies are equally accurate in their
ability to capture preferences; future researchmay seek to quantify
the exact impact of methodological choices on the estimation of
preference; however, this is beyond the scope of the current
review.
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 asso-
ciated levels, describe the hypothetical genetic improvement
options to be considered by respondents and are often not amen-
able. As such, the researcher’s ability to correctly identify these
components without overlooking important traits, including less
important traits, and/or attributing unrealistic levels to included
traits is critical to the underlying validity, reproducibility and con-
sistency of a study.
9

Despite the importance of this initial stage, in most of the liter-
ature reviewed, we found insufficient description and explanation
to make the process accurately reproducible. Approaches to identi-
fying 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 refine-
ment of complex information used to derive a manageable number
of traits and, where applicable, levels; for example, from Scarpa
et al. (2003), ‘‘attributes were chosen so as to reflect a set of rele-
vant breed-related pig-rearing traits”. Participatory approaches to
selecting traits for the final experimental design that permit itera-
tion 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 equiva-
lent 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 magni-
tude of improvement for each trait; the later meaning respondents
also have equivalent expectations of improvement between traits,
however, reviewed articles mostly did not quantify this. Instead,
most articles described 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 direc-
tion 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 breed-
ing 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 approaches, authors explicitly
quantified trait improvements. For example, presented either as a
theoretically achievable genetic gain, such as 0.7% greater fillet per-
centage (trout; Sae-Lim et al., 2012), or as a change in performance
such that the stated gains of all included traits have approximately
the same monetary value, such as +1.5 kg 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 respon-
dents estimate achievable genetic gains, or by removing the per-
ceived 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,
and towards estimates that can be implemented directly into
selection tools. In this way, precise quantification of the direction
andmagnitude of trait improvements is likely to support more pre-
cise and robust estimation of preference (Omasaki et al., 2016; Kar-
iuki et al., 2017), 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). Finally, researchers should ensure
the traits, trait changes (and, for contingent valuation, hypothetical
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market conditions) are described in a neutral way, such that
descriptions do not influence respondent values.

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 suf-
ficient barrier; many reviewed studies were not inclusive of novel
traits, and difficulties describing such traits to the target popula-
tion, either quantitatively or qualitatively, may be a contributing
factor. If researchers intend to include novel traits, they can ensure
that 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., 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 may also 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), which could even draw on an additional method, for exam-
ple, via a Delphi process.

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 prefer-
ence (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 represen-
tative 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 (as in
Byrne et al., 2012), or with a latent class model (as in Scarpa
et al., 2003), or a random parameters model (as in Kassie et al.,
2009). In some methods that involved group deliberation, focus
groups were balanced according to assumed demographic drivers
(as in Marshall et al., 2016). In the literature reviewed, examples
of a priori respondent segments included: education level (as in
Just et al., 2018), respondent gender or sex (as in Marshall et al.,
2016), agro-ecological zone (as in Muchadeyi et al., 2009), farm
characteristics (as in Wallenbeck et al., 2016), sex of subject (as
in Mbuku et al., 2010), breed of subject (as in Slagboom et al.,
2016a), and industry segment (as in Sy et al., 1997). If researchers
have sufficient justification for anticipating narrow drivers of
heterogeneity, this approach may be appropriate (see 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 heteroge-
neous preferences without making prior assumptions about the
drivers of 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 and cluster analysis to investigate the prefer-
ences 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 principal
component analysis is useful in identifying the underlying struc-
ture of preference data, cluster analysis 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. Constructing
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respondent types in this way may also reduce bias introduced by
the analytic choices of the researcher, by eliminating the require-
ment to assume and predefine drivers of preference heterogeneity.

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 studies investigating the preferences of other stakehold-
ers in the supply chain (exceptions include Sy et al., 1997; von Rohr
et al., 1999). In the specific context of accounting for plural values,
it is especially important that future researchers seek to broaden
the target population, in order to include the values and motiva-
tions 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 com-
plex decisions, involving trade-offs between a wide range of reli-
ably 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 a single
stakeholder group (such as producers or breeding organisation
committee), but to find ways to engage wider stakeholders – such
as consumers, animal welfare organisations, environmental organ-
isations, 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 inno-
vations towards including more diverse respondent groups,
exploring trade-offs between different stakeholder groups, or even
investigating how values change relative to different breeding
objectives (e.g. see Burns et al., 2022). In many ways, who the ben-
eficiaries of a breeding objective are is as important of a question
as how their preferences are elicited.

Preferences to policy

Preference elicitation studies are often aimed towards the
defensible implementation of preferences into policy. Reliably elic-
iting 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 problem-
atic, as they need to combine market and non-market values that
are affective both within and beyond the farm-level (Olesen
et al., 1999; Wall et al., 2010a; 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., 2003; Woldu et al., 2016). As mentioned in the intro-
duction, in practice, selection tools are often adjusted before
implementation, and so, when preference elicitation methods are
conducted effectively they can 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.

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 develop-
ment of a selection index based on desired gains and informed
by preferences is mentioned in 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
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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. However, a monetary attribute is required in the exper-
imental 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 implementa-
tion 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
programme 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 exam-
ple 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, the
authors defined a modified index that enabled the target popula-
tion to re-rank proven bulls to better align with their values and
motivations. However, due to the commercial nature of some
applications, many industry applications of stated preference
methods remain unreported in the peer-review literature. For
example, Miller (2019) presents the application of a choice-based
approach used to update indices of the American Angus Associa-
tion, which led to the resolution of previously intractable differ-
ences within the breed society regarding the inclusion of
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 published liter-
ature might suggest, therefore, an industry perspective paper may
be useful to bridge this public domain knowledge gap.
Conclusion

In achieving breeding objectives, traits of interest and associ-
ated selection emphasis are likely to continually evolve to remain
appropriate for the changing needs of society. The current review is
provided to researchers and practitioners involved with the devel-
opment and implementation of appropriate and sustainable breed-
ing objectives, and serves as an update on the current state of
research; a comprehensive catalogue of published applications 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 partic-
ular consideration for dependencies between these factors and the
target population, the accurate representation of traits and the
11
specific values sought. Finally, we advocate that traits reflecting
the needs of society at large should be given more direct consider-
ation in the development of breeding programmes, 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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