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Abstract
A genetic improvement programme is a sustainable, cumulative and permanent approach to achieving year-on-year 
performance gains. Its success is predicated not only on an efficient and effective breeding programme but also 
on a vision of the traits of importance in the future. A single, industry-owned, centralised database for cattle and 
sheep has been the foundation for genetic improvement programmes in Ireland. While DNA information has been 
heralded as a breakthrough for accelerating genetic gain, the basic principles of a successful animal breeding 
programme still remain the same: (1) a pertinent breeding goal, (2) the appropriate breeding objective to deliver on 
the breeding goal, (3) an accurate genetic evaluation system, (4) an efficient and effective breeding scheme, and 
(5) a system to disseminate the elite germplasm to the end user; also of importance is a system for validating the 
underlying procedures and principles. The constituent traits and their relative emphasis within breeding objectives 
will continue to be contentious. Traits that will need to be considered more in future ruminant breeding objectives 
include environmental impact, product quality and animal well-being, including health; while not always explicitly 
included in Irish breeding objectives for cattle and sheep, indirect improvements for many are expected via the 
genetic improvement in traits like reproductive performance and survival as well as macro measures of quality such 
as milk fat and protein concentration and carcass merit. Crucial for the future sustainability of ruminant production 
systems is the co-evolution of management systems and breeding programmes so that the animal of the future is 
suited to the most sustainably efficient production system.
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Introduction

Genetic improvement has been documented to contribute 
up to 90% of the gains in performance in livestock over time 
(Havenstein et  al., 2003); in reality, however, in ruminant 
production systems this is more like 50% (Berry, 2018). The 
cumulative, permanent and sustainable characteristics of 
genetic improvement dictate that benefits culminate over 
generations and the benefits that accrue can be permanent. 
On the other hand, any unfavourable trends realised through 
breeding, if not addressed, can deteriorate further with each 
advancing generation. An example of the latter in ruminants 
is the erosion of reproductive performance in both dairy and 
beef cattle (Lucy, 2001; Berry et al., 2016a) as a consequence 
of aggressive selection for milk production and terminal 
characteristics, respectively. Such deterioration remains a 
threat especially for animal features not routinely measured 

(e.g. lifetime efficiency of feed use, environmental hoofprint). 
Projected genetic trends must also consider the production 
system (e.g. grazing or total mixed ration [TMR]) required to 
meet the demands of the ruminant; hence, the management 
systems and breeding programme must co-evolve.
The steps in a successful breeding programme are graphically 
illustrated in Figure 1 (adapted from Lopez-Villalobos & 
Garrick, 2005). The fundamentals of a successful breeding 
programme are to mate genetically elite individuals so that 
the next generation will, on average, be superior to the current 
generation; consideration must also be given to minimising 
the relationship among parents so as to avoid a rapid 
accumulation of inbreeding. This is because as well as having 
repercussions for animal performance (McParland et  al., 
2007, 2008; Bjelland et  al., 2013), inbreeding also tends to 
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erode exploitable genetic variability thus impacting long-term 
genetic gain (Berry, 2018). Validation of the benefit of genetic 
selection is required to instil confidence among end users 
thus ensuring high penetrance. This review focuses on the 
main scientific achievements that have contributed to genetic 
gain in Irish ruminant breeding programmes and the research 
undertaken to facilitate such performance gains; the review 
concludes with some thoughts on what gaps in knowledge 
currently exist, again with a particular attention on cattle and 
sheep breeding in Ireland.

Main scientific advancements

Genetic evaluations globally are generally based on a mixed 
model framework developed in the middle of the 20th century 
(Henderson, 1950). The best linear unbiased prediction 
procedure for predicting genetic merit of individuals does so by 
decomposing the observed performance of an animal (termed 
phenotype) into its genetic contribution, the contribution due 
to systematic environmental effects (e.g. herd, year, gender, 
age), and that remaining as unexplained variability (i.e. 

residual). Access to predictions of genetic merit for individuals 
enabled the exploitation of selection index methodology 
developed by Hazel (1943). Selection indexes are devised 
to maximise the correlation between animals ranked on the 
developed index and those ranked on an overall breeding 
objective. The breeding objective for a breeding programme is 
analogous to a mission statement for a company; it comprises 
a number of traits each appropriately weighted based on 
(perceived) importance. While observations for a given trait in 
a breeding objective are not necessarily required, data must 
exist for traits in the underlying selection index and thus much 
effort has been expended on strategies and the associated 
backend information and communication technology (ICT) 
infrastructure to capture and store such data.
While economic modelling is used to decide the weights 
on individual traits within dairy, beef and sheep breeding 
objectives in Ireland, some jurisdictions use economic 
modelling only as a guide with the final weights on individual 
traits often decided by a committee. Breeding objectives are 
routinely updated based on new information and knowledge 
both on the traits of likely importance in the future and on their 
associated (future) costs and value. Figure 2 demonstrates 

Figure 1. Components of a successful breeding programme.
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how the national dairy cow breeding objective in Ireland, 
the economic breeding index (EBI), has changed since its 
introduction in the year 2000; the changes observed reflect the 
addition of new traits as genetic evaluations became available 
but also the updating of the economic values as the expected 
prices and costs of production changed (Berry et al., 2007). 
Because generation intervals tend to be particularly long in 
(dairy and beef) cattle (García-Ruiz et  al., 2016), breeding 
objectives in cattle especially must be very futuristic.
Specific to the success of ruminant breeding programmes 
in Ireland was the establishment of the Irish Cattle Breeding 
Federation (ICBF) in 1997 (Wickham et  al., 2012) followed 
in 2009 by the development of Sheep Ireland. The ICBF 
and Sheep Ireland are mandated by the Irish government to 
generate and distribute accurate national genetic evaluations 
to the respective industries. Prior to the establishment of the 
ICBF and Sheep Ireland, most stakeholders had their own 
system for data recording and storage, each with their own 
specific objectives but also potentially their own population 
demographics or geographical representations. For example, 
each cattle breed society herd book, of which there were 18 
at the time ICBF was established, had its own computing 
system, while each milk recoding agency, of which there 
were 8 in 1998, also had its own computing system. Although 
creating a single version shared repository of verified data was 
an ambitious and arduous task for both the ICBF and Sheep 
Ireland, the developed infrastructure is now the epicentre of 
breeding (and many management) decisions made on Irish 
dairy, beef and sheep farms.
Annual genetic gain in any population for any trait or breeding 
objective can be easily represented by the breeder’s equation 
(Rendel & Robertson, 1950):

⋅ ⋅
∆ = gi r
G

L
σ

where ∆G is annual genetic gain, i is the intensity of selection, 
r is the accuracy of selection or, in other words, the accuracy 
with which the genetically elite animals can be differentiated 
from the genetically inferior, σg is the genetic s.d. (i.e. a 
measure of variability) and L is the generation interval (i.e. 
the average age of the parents at the birth of their progeny 
who in turn become parents). Hence, most of the effort in 
animal breeding research and development has focused on 
the exploration of technologies and approaches to improve 
each metric. In fact, most of the focus among geneticists has 
been on improving the accuracy of selection. The accuracy 
of selection is a function of the heritability of the trait and the 
quantity of information available; this is true irrespective of 
whether based on traditional genetic evaluations or genomic 
evaluations. Information in this context traditionally implied 
usable phenotypic data from the animal itself, its ancestors 
or its descendants. In more recent decades, approaches 
to supplementing this (observed) phenotypic information 
with genomic (i.e. DNA) information have been explored 
(Meuwissen et  al., 2001; Berry et  al., 2009). Nonetheless, 
the accuracy of selection irrespective of whether based 
on traditional genetic evaluations that exploit ancestry, or 
genomic information to infer relationships, is still a function of 
the heritability of the trait (Figure 3); the lower the heritability, 
the greater the number of progeny records required to achieve 
a given accuracy of selection.
The heritability of a trait is a measure of the proportion of 
the observed (i.e. phenotypic) variability amongst individuals 
that can be attributable to genetic differences (Visscher 

Figure 2. Change in emphasis on sub-indexes within the Irish dairy cow breeding objective, the economic breeding index (EBI) since its 
establishment in 2000; the relative breeding index (RBI) existed prior to 2000.
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et al., 2008), the latter usually being confined to differences 
that are directly transmissible from one generation to the 
next (i.e. additive genetic effects). All else being equal, the 
higher the heritability, the greater the accuracy of selection 
from traditional evaluations but also the fewer the number of 
genotyped and phenotyped animals required for a genomic 
evaluation reference population (Figure 3); nonetheless, high 
accuracy of selection can be achieved even for low heritability 
traits, and thus heritability has minimal impact on genetic gain 
in an efficient and effective breeding programme. Having 
said that, heritability is important for traits that are resource 
intensive to measure which is a likely feature of traits growing 
in importance in ruminant production systems such as 
environmental impact, product quality and animal well-being.
Genomic selection (Meuwissen et al., 2001) using genotype 
information scattered densely across the entire genome has 
contributed to a transformational change in animal breeding 
programmes. This was particularly true for those species 
with long generation intervals and that assign considerable 
selection pressure to low heritability traits measured only 
in one sex; such characteristics typify modern dairy cow 
breeding programmes which, when coupled with the 
predominance of only one dairy breed in most temperate 
regions (i.e. Holstein-Friesian), is the reason for the rapid 
and ubiquitous uptake of genomic evaluations in dairy cattle. 
Whereas maternal breeding objectives in beef and sheep 
suffer also from comprising low heritability traits measured 
only on older females, traits constituting a large emphasis in 
the terminal indexes tend to be highly heritable, measured 
early in life and not sex limited. Genomic selection was an 
advancement on the previously advocated marker-assisted 
selection; the latter relied on just a few genetic markers but 
failed to deliver on promises of vastly improved accuracy of 

selection for quantitative traits across the population. The 
heralding of genome-wide enabled selection was possible with 
the commercial availability of (relatively) low-cost genotyping 
platforms (Boichard et al., 2012; Judge et al., 2016) that could 
rapidly and reproducibly (Berry et al., 2016c; Purfield et al., 
2016; Marina et al., 2021) genotype animals simultaneously 
for tens of thousands of genomic variants. Ireland was the 
second country in the world to officially release national 
genomic evaluations in dairy cows (Berry et  al., 2009) and 
the first country to release national genomic evaluations in 
a multi-breed population of beef cattle (Berry et al., 2016b); 
national multi-breed genomic evaluations for sheep now also 
exist in Ireland. Ireland also developed its own bespoke cattle 
genotyping platform, optimised in content for the Irish dairy 
and beef population while still being compatible with other 
commercially available platforms (Mullen et al., 2013); included 
on the Irish bovine genotype panel are variants to enable 
genomic evaluations and parentage testing among putative 
parent–offspring pairs genotyped using different variant types 
(McClure et  al., 2013), as well as variants located within 
major genes (including those conferring congenital defects) 
and variants of research interest. Genomic variants included 
on the ovine panel are those to enable genomic evaluations 
and parentage testing/discovery as well as including several 
causal mutations and putative causal mutations associated 
with performance metrics.

Irish national cattle and sheep breeding objectives

The suite of traits included in Irish national dairy, beef, beef-
on-dairy and sheep breeding objectives in 2021 is shown in 
Figure 4, along with their respective relative emphasis. The 

Figure 3. For heritability values of 0.35, 0.20, 0.10, 0.05 and 0.03 (in order of increasing darkness of lines), (A) the number of progeny required 
to achieve a given accuracy of selection using traditional ancestry-based genetic evaluations and (B) the number of records of phenotyped 
and genotyped animals to achieve a given accuracy of genomic evaluations (based on 1,000 effective chromosomal segments and 80% of the 
genetic variance accounted for by the genotyped markers). Note reliability which is used in cattle in Ireland is the accuracy squared.
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Figure 4. Relative emphasis on suites of traits within the Irish dairy 
and dairy-beef indexes as well as the beef and sheep replacement 
and terminal indexes.

recorded ancestry and other ancillary information) for the 
traits of interest representing the germplasm being used in 
the population. Figures 5 and 6 illustrate the quantity of data 
recorded (including ancestry information) in Irish cattle and 
sheep populations, respectively. Two main points can be 
made  – the extent of recording, especially in cattle, is very 
large and has been increasing in the past two decades 
and there is a relatively good recording of sire information, 
although room for improvement exists.
Genetic gain in s.d. units for each of the six breeding objectives 
is presented in Figure 7. Genetic gain in the sheep and beef 
breeding objectives was low (between 0.37 and 0.84 units) 
over the 20-yr period which is considerably slower than the 
genetic gain of 2.79 units for the national dairy index over the 
same 20-yr period. Year-on-year genetic gain in dairy animals 
has been relatively constant each year since 2002. Using the 
parameters proposed by Schaeffer (2006) for a successful 
dairy cow breeding program, a genetic gain of 0.215 genetic 
s.d. per year should be possible; this would increase to 
0.47 for a successful genomic selection breeding program. 
Hence, genetic gain in the Irish dairy breeding programme 
is considerably less than what should be possible. Despite 
this, clear phenotypic differences between animals genetically 
divergent for the Irish dairy cow breeding goal (i.e. the EBI) 
are evident (O’Sullivan et al., 2019). In 2015, a DAFM-funded 
scheme used monetary incentives to encourage the use of the 
replacement index in beef herds which was then followed by 
the introduction of genomic evaluations in 2016 (Berry et al., 
2016b). This has resulted in a genetic gain of 0.2 genetic s.d. 
units per year in the replacement index since the introduction 
of this scheme; this is similar to the annual genetic gain 
observed in dairy. Genetic gain was lowest for the dairy-beef 
index (0.17 units over the 20-yr period), which is an artefact 
of the dairy-beef breeding objective only being available to 
herd owners since 2019 (Berry et al., 2019). All in all, genetic 
gain has been achieved and the mass of validation studies 
undertaken to date which verify the impact of such genetic 
gain on phenotypic performance clearly imply that phenotypic 
gains have also been achieved.
Animal health continues to be poorly represented in the 
different breeding objectives, being only present in the dairy 
breeding objective (i.e. mastitis, somatic cell count and 
lameness) and both sheep breeding objectives (i.e. mastitis, 
lameness and dagginess); yet, the emphasis in all indexes is 
≤3%. Although currently not included in breeding objectives, 
stand-alone genetic evaluations for tuberculosis (Ring et al., 
2019) and liver fluke (Twomey et al., 2016) in beef and dairy 
cattle are available nationally; further research is ongoing on 
increasing the suite of health traits with genetic evaluations.
The reasoning for the perceived low emphasis on health 
traits within the breeding objectives is because the definition 
of an economic value is the change in profit per unit change 

partial correlation (i.e. adjusted for breed) among the beef 
terminal, beef replacement and dairy-beef index in 918 high-
reliability artificial insemination (AI) beef bulls with progeny 
in Ireland is 0.40–0.41. The partial correlation between the 
sheep terminal and replacement index in high accuracy rams 
is 0.41.
Reproductive performance including survival constitutes a 
large proportion of the relative emphasis within the different 
breeding objectives targeting female replacements ranging 
from 23% emphasis in beef to 34% emphasis in dairy 
(Figure  4); this is largely attributable to the importance of 
maximising the utilisation of grazed grass and realising 
mature animal performance, with reproduction being 
represented by the number of lambs born in sheep; no 
predictions of genetic merit exist for ewe survival in sheep, 
but this is an area of ongoing research. Both reproduction and 
milk production (represented by maternal weaning weight or 
growth in beef and sheep) combined represent 37%, 41% 
and 68% of the emphasis in the sheep replacement index, 
the beef replacement index and the dairy breeding objective, 
respectively (Figure 4). The relative emphasis on calving or 
lambing performance (both direct and maternal) across all six 
breeding objectives was, on average, 27% varying from 10% 
in the dairy breeding objective to 49% in the dairy-beef index; 
calving performance here includes actual calving difficulty as 
well as both gestation length and perinatal mortality. Progeny 
slaughter performance represents just 8% of the emphasis in 
the dairy breeding objective but 12% and 21% in the sheep 
and beef replacement indexes; carcass traits (including age at 
slaughter for sheep) represent 41%–63% of the emphasis in 
the three terminal breeding objectives (Figure 4).
Fundamental to a successful breeding program, whatever 
the species, is routine access to high-quality data (with 
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Figure 6. Number of (A) lambs born with or without a sire recorded and (B) lamb carcass records all recorded within the Sheep Ireland 
database.

Figure 5. Number of (A) calves born with or without a sire recorded, (B) calving events with or without a recorded calving difficulty score, 
(C) dairy cows milk recorded and (D) prime cattle carcass records all recorded within the Irish Cattle Breeding Federation national database.
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in the trait in question holding all other traits in the breeding 
objective constant. Compromised animal health is known to 
influence other performance metrics (Sayers, 2017). Hence, 
animals with a genetic predisposition to poor health (or whose 
descendants are more likely to succumb to poor health) are 
also likely to have substandard predictions of genetic merit for 
performance traits; thus, the breeding objective values of these 
animals will be penalised via their poor predictions of genetic 
merit for these performance traits. The definition of economic 
values is also pertinent when explaining how the change in 
emphasis on certain traits may differ from expectation as 
prices and costs change (Figure 2). For example, when milk 
price is predicted to reduce, there may be an expectation that 
the emphasis on milk production in dairy breeding objectives 
should increase in the pursuit of maintaining profit; however, 
the increase in profit per unit increase in the yield trait has 
reduced and thus the emphasis, in turn, reduces. Moreover, 
economic values do not consider the accuracy of selection. 
Given the low heritability of health traits (Pryce et al., 1997; 
Berry et al., 2011; Ring et al., 2018) coupled with the generally 
lack of available data, the actual emphasis on health traits 
is therefore often even lower. Key therefore is not just to 
record more data on health events, but to ensure that data 
are communicated to the national database for use in genetic 
evaluations. Moreover, by decomposing (observed) broad 

health events like mastitis or lameness into their subclinical 
measures, or even more granular descriptors of the underlying 
pathogens, some of the random error should be removed thus 
increasing the heritability – the outcome is a higher accuracy 
of selection (and thus greater emphasis) for the same number 
of records, be it traditional genetic evaluations or the now 
more common genomic evaluations. Technological advances 
in sensing and associated communication systems have the 
potential to aid in this shortcoming.

Validation
Fundamental to the uptake of any technology is sound 
(ideally independent) evidence that the technology will deliver 
on promises. Breeding is not exempt from such demands. 
Ireland is, by far, the most prolific in studies investigating the 
relationship between genetic merit and subsequent phenotypic 
performance; this is true of dairy cattle (Ramsbottom et al., 
2015; O’Sullivan et al., 2019; Ring et al., 2021), beef (Clarke 
et  al., 1999; McHugh et  al., 2014; Connolly et  al., 2019; 
Twomey et al., 2020) and sheep (McHugh et al., 2017, 2020). 
Validation strategies to demonstrate the merits of breeding 
include controlled studies (Macdonald et  al., 2008; Clarke 
et al., 2009; Coleman et al., 2009; McCabe et al., 2020) and 
cross-sectional analysis of either animal-level data (Crews 
et  al., 2006; Connolly et  al., 2019; Berry & Ring, 2020b; 
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Twomey et al., 2020) or herd-level data (Ramsbottom et al., 
2015; Kelly et al., 2021). Each approach in itself has its own 
shortcomings, but when consensus is arrived at across all 
three strategies, then confidence will ensue. Many Irish 
controlled studies across a range of ruminant species have 
verified that genotypes of different genetic merit perform 
differently (Clarke et al., 2009; Coleman et al., 2009; McCabe 
et al., 2020; Fetherstone et al., 2021); while the extent and 
depth of measurement in such studies is generally highly 
precise, and the environmental noise is strongly controlled, 
such controlled studies can be hampered by a lack of statistical 
power, a lack of genetic diversity represented, and a caution of 
extrapolating to production systems not directly represented 
in the controlled study (hence their general inclusion as fixed 
effects in the statistical models). Cross-sectional analyses of 
large databases of individual animal records (Crews et  al., 
2006; Connolly et al., 2019; Twomey et al., 2020; Ring et al., 
2021) do not generally suffer from a lack of statistical power 
(and thus the likelihood of Type II errors) or genetic diversity, 
but errors undoubtedly exist within the data; the hope is 
that the large number of experimental units will lessen the 
impact of such errors if occurring relatively randomly across 
genotypes. For example, Purfield et  al. (2016) reported a 
sire parentage error of 13% in Irish (dairy and beef) cattle, 
while Berry et al. (2016c) reported an equivalent statistic of 
10% in Irish sheep; because the assigned genetic merit of an 
animal is dictated, in part, by the sire, such errors undoubtedly 
influence confidence in the results. Similarly, assignment of 
animals to the appropriate contemporary group for inclusion 
in the statistical model is problematic (McHugh et al., 2017). 
Cross-sectional analyses of large databases of herd-level 
data (Ramsbottom et al., 2015; Kelly et al., 2021) suffer from 
similar issues to those of animal-level analyses with the added 
complication of how to appropriately account for inter-herd 
differences in technical efficiencies. The statistical approach 
taken in these studies (Ramsbottom et al., 2015; Kelly et al., 
2021) was to attempt to adjust for inter-herd differences in 
technical efficiency through the adjustment of financial 
performance metrics for other available measures of technical 
efficiency such as stocking rate, herd size and concentrate 
input. While the objective of most such studies is to validate 
the gains achievable from breeding, also of interest is likely 
non-linear effects plus any repercussions for other (correlated) 
traits; the latter is particularly of interest in smaller controlled 
studies where deeper phenotyping for resource-intensive 
measures (e.g. feed intake, methane emissions) is possible.

Complementary decision-support tools
Gains in performance are achieved through a combination 
of strategic breeding and management decisions. The goal 
of (herd) breeding programmes is to shift the mean of the 
distribution of animals in the favourable direction; this can also 

be achieved by culling the lower performing animals. Decision-
support tools for dairy (Kelleher et al., 2015) and beef (Dunne 
et  al., 2020b) enterprises have been developed specifically 
for Ireland to value the expected remaining lifetime profit of 
each female in a herd. This information can be used to identify 
mature females for culling but also heifers for graduation into 
the mature herd (Kelleher et al., 2015; Dunne et al., 2020b). 
Both tools are built on the principles of selection indexes 
populated by what are termed production values which are 
the sum of both the additive genetic merit (used in breeding 
decisions) and non-additive genetic effects; also considered 
are non-genetic effects (e.g. permanent environmental effects) 
as well as other phenotypic factors like cow age and expected 
calving date. Similar to the national genetic-based breeding 
decision-support tools, the culling management tools provide 
the user with a single figure index value; this data-driven metric 
ultimately provides the user with confidence when making 
decisions that will have a substantial impact on the performance 
of the herd. A similar decision tool has been developed to 
value a calf assuming it is destined for beef production (Dunne 
et  al., 2020a); taken in conjunction with the ranking tool of 
beef females to identify heifers suitable for the mature herd, 
comparison of values from both tools can aid in the decision 
as to the most appropriate fate of a given beef heifer. Such 
a tool may also be useful in the future to allocate a carbon 
cost to a given unit of product; while management strategies 
(e.g. source of energy and protein ingested) contribute to the 
carbon cost, so too do animal-level features such as days to 
slaughter and daily feed intake or daily methane output.
Despite lists of males ranked on total merit index being readily 
available to producers, deciding on which male to mate 
to which female can become unwieldy, especially in large 
herds and flocks. Sire mating advice tools are available for 
suggesting matings between dairy bulls and cows (Carthy 
et al., 2019), but no such tools exist, in Ireland at least, for 
suggesting beef bulls matings with either beef females or 
dairy females; the same is true for sheep. While consideration 
of coancestry is important in the sire advice systems for dairy-
on-dairy or beef-on-beef matings, no such worry exists for 
beef-on-dairy matings (Berry, 2021).
Genetic evaluations work by decomposing the observed 
phenotype into an additive genetic effect (termed best linear 
unbiased predictions [BLUPs]) and environmental effects 
(termed best linear unbiased estimates [BLUEs]). Although 
focus until recently has been on the BLUP, there is growing 
interest in the BLUEs for individual herds or flocks and how 
the response to selection differs by BLUE (Dunne et al., 2019; 
Kenny et  al., 2021). In a study of 1,058 Irish dairy herds, 
Dunne et al. (2019) reported that when herds were stratified 
based on their BLUE for milk production, the phenotypic 
realisation of increasing an animal’s genetic merit by 1 unit 
for milk production was 20% greater in the herds with the 
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best BLUE relative to the worst BLUE herds. Given that 
BLUEs are routinely generated alongside BLUPs, very little 
additional computational cost is required to incorporate such 
information into the decision-support tools currently available. 
BLUEs have the potential to tailor the estimates of an animal’s 
phenotype based on the environment they will actually be 
performing in, rather than assuming an average production 
environment (Dunne et al., 2019; Kenny et al., 2021). Apart 
from the potential benefit BLUEs offer in tailoring breeding 
and management decision-support tools (Bastin et al., 2009), 
BLUEs can also be employed within advisory tools as a 
metric of the herd’s environmental contribution to the overall 
phenotypic performance. Utilising both BLUEs and BLUPs 
combined can assist in the identification of potential weakness 
in the herd/flock, and in doing so, it can lead to the appropriate 
resolving measures to be put in place.

Knowledge gaps

Despite considerable research having been completed and 
deployed, particularly in the past two decades in Ireland, 
many gaps in knowledge and tools still exist. These include 
what will constitute the future ruminant breeding objectives 
and what relative emphasis is on each suite of traits, the most 
optimal methods for evaluating the genetic merit of animals 
(i.e. accuracy, speed of calculation), breeding scheme 
design to ensure long-term genetic gain and finally, the 
support mechanisms that collapse all the available data and 
downstream calculations into usable information for producers 
that can be acted upon.

Future breeding objectives
Factors dictating whether a trait should be included in future 
breeding objectives include (Shook, 1989):
•	 Its importance – importance here was traditionally dictated 

by monetary value associated with an improvement in 
the trait; opinion is, however, changing to consider public 
good type measures with no current monetary reward for 
improvement.

•	 Extent of genetic variability – logically without genetic 
variability, genetic improvement will not be possible. 
Genetic variation, no matter how small, exists for most 
traits. It is often incorrectly assumed that a low heritability 
translates to little genetic variability which may not be the 
case as a small proportion of a large phenotypic variance 
still translates to large (exploitable) genetic variability.

•	 Data availability – individual animal data linked to ancestry 
and known contributing environmental influences are key to 
being able to differentiate genetically elite from genetically 
inferior animals. Although genomic evaluations mitigate 
the necessity for phenotypic data on an animal itself or 

its descendants for achieving moderate to high accuracy, 
phenotypic data are still required on a relatively large 
population in order to calibrate the prediction equations 
(Figure 3). The requirement for data on the objective 
traits themselves can be circumvented by having data on 
correlated heritable traits, for example, using somatic cell 
count as a predictor of a clinical mastitis goal trait.

An additional factor which impacts the decision of what trait(s) 
to focus on for inclusion in a breeding objective is the associated 
cost–benefit. This is particularly important in light of growing 
pressures to consider traits associated with the social cost 
of ruminant production (i.e. use of human-edible energy and 
protein sources and environmental hoofprint). While there is 
much interest in improving the efficiency of production through 
the measure of daily feed intake (Crowley et al., 2010; Berry 
et al., 2014a, 2014b; Pryce et al., 2015; Hurley et al., 2017), 
the measurement of such performance traits is resource 
intensive and a return on investment may not actually be 
obvious; the same is true for carbon/methane intensity. Faster 
gains in such metrics may actually be achievable by exploiting 
more readily available phenotypes such as age at slaughter in 
terminal animals (Santos et al., 2015; Berry et al., 2017) and 
lifespan or survival in cows (McHugh et al., 2014; De Vries, 
2020; MacNeil et al., 2021; Ring et al., 2021).
While not always explicitly included in breeding objectives, in 
some instances, much of the variability in (detailed) product 
quality, efficiency, environmental load, as well as animal 
health and welfare is already captured via correlated traits. 
For example, the inclusion of milk output (positive weight) and 
live weight (negative weight) in the dairy cow EBI is similar to 
milk solids per kilogram live weight which is correlated with 
feed conversion efficiency in dairy cows (Hurley et al., 2016). 
Similarly, residual feed intake is completely captured via its 
component traits within the Irish beef breeding objectives (Van 
der Werf, 2004). Although (residual) feed intake is included 
within the beef and beef-on-dairy breeding objectives, the 
phenotype is from animals fed indoors; evidence is not clear 
as to whether this actually translates to feed intake in grazing 
animals (Lahart et al., 2020) where, in fact, a greater intake 
capacity may be favourable. No feed intake genetic evaluation 
currently exists for sheep in Ireland due to a paucity of individual 
animal phenotypic records. Whereas genetic evaluations exist 
for milk fat and protein content in dairy cows (Sneddon et al., 
2015) and meat organoleptic properties in cattle and sheep 
(Swan et al., 2015; Berry et al., 2021), the desire for genetic 
evaluations on more granular measures such as micronutrient 
content (Soyeurt et al., 2011; de Marchi et al., 2014; Frizzarin 
et al., 2021) or amenability to easier processing (de Marchi 
et al., 2014; Visentin et al., 2015) may intensify. Despite the 
collection of gold standard observations for such traits in 
large populations of animals for genetic evaluations not being 
feasible, mid-infrared spectroscopy of milk samples can be 
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used to accurately predict such traits (de Marchi et al., 2014; 
Visentin et  al., 2015; McDermott et  al., 2016), and genetic 
evaluations of mid-infrared predicted traits are possible 
(Bastin et al., 2011; McParland et al., 2015). Similarly, while 
measures of carcass weight, conformation and fat score are 
used in cattle and sheep breeding objectives, potential exists 
to decompose these further into the individual primal cuts 
(Sarti et al., 2013; Judge et al., 2019), aligning more closely 
with the downstream processing industry and consumers. 
Potential may also exist to use non-destructive spectroscopy-
based approaches to predict meat quality (Herrero, 2008).
As genetic trends for longevity improve in dairy cows (García-
Ruiz et  al., 2016; Berry, 2021), cows are expected to get 
older. Risk to different ailments including lameness, mastitis 
and other health problems is known to increase with age 
(O’Connor et  al., 2019) although strategies to mitigate this 
may be possible, for somatic cell count at least (Williams 
et al., 2022). Hence, it is likely that the importance of functional 
conformation and animal health will become more important 
in the future but also the ability of the mature cow to maintain 
high performance (and low somatic cell count in the case of 
dairy cows) with advancing parity (Williams et  al., 2022). A 
similar dilemma exists for beef and sheep.
Environmental traits like methane emissions and nitrogen use 
efficiency are also likely to grow in importance in the future. 
Although the acquisition of (accurate) measures for such traits 
is resource intensive, the costs are incurred by few but the 
benefits are realised by many. For example, assuming that the 
output from the Irish dairy, beef and sheep sectors is 8 billion 
kg of milk, 550,000 tonnes of beef meat and 55,000 tonnes 
of sheep meat, then the charge per kilogram output per €1 
million cost of phenotyping animals for a breeding programme 
would be just 0.013, 0.18 and 1.8 cents, respectively. Methane 
data are currently being collected in dairy, beef and sheep 
in Ireland with the anticipation of generating sufficient data 
for the development of national genetic evaluations as well 
as identifying the most optimum strategy for recording such 
data; one example of the latter is the extent of genotype-by-
environment between methane measured indoors on animals 
fed a mixed ration versus methane measured outdoors in 
grazing animals.
Developments in agri-tech and the growing accessibility of 
sensing systems for measuring a whole plethora of metrics 
(Greenwood et al., 2016) open up opportunities as well as 
create challenges for future animal breeding programmes. 
The opportunities include the generation of vast quantities 
of objective measures not only on the animal itself, but also 
reflections of the prevailing environmental conditions (for 
use in the statistical model). Data on non-animal features 
are also useful in potentially improving the precision of 
genetic evaluations through the consideration of genotype-
by-environment interactions (BLUEs; Dunne et  al., 2019). 

Sensing systems which can be deployed on the animal 
include those based on accelerometers, magnetometers, 
gyroscopes, visual, sensors, audio sensors and location 
sensors as well as equipment to measure temperature, 
gastrointestinal function, heart rate and respiratory rate 
(Greenwood et  al., 2016; Halachmi et  al., 2019). Thermal 
imaging or actual cameras to measure things in multiple 
dimensions are feasible. Detailed reviews of the agri-related 
technologies available are discussed by both Greenwood 
et  al. (2016) and Halachmi et  al. (2019). The greatest 
benefit, however, from such technological advances will be 
when the vast array of information sources are combined 
and complemented with available information on ancillary 
animal and environmental features like animal age, 
prevailing weather and genetic merit. Of concern, however, 
is the potential disputes on the ownership of the data and 
the ability to use these data in national genetic evaluations; 
this could potentially lead to the development of proprietary 
genetic evaluations or even genetic evaluations within herds 
or groups of herds. Such sensing systems will likely have 
greatest impact for low heritability traits where vast quantities 
of data are required to achieve accurate predictions of 
genetic merit but also where combining different data 
sources including information on influencing systematic 
environmental effects could contribute to a higher heritability 
and, by extension, a greater accuracy of selection for the 
same number of phenotypic records.
Though there is much commentary on agri-tech and its 
contribution to extensive phenotyping via sensing systems 
and downstream analytics, the value of (subjective) producer-
scored data cannot be ignored. Despite being subjective 
in nature, these traits are clearly heritable (O’Brien et  al., 
2017; Ring et  al., 2018) and constitute a large proportion 
(i.e. up to 36% of the emphasis in the breeding objectives) 
of the relative emphasis of Irish cattle and sheep breeding 
objectives. Moreover, many are strongly correlated with the 
goal trait; in an analysis of predicted primal cut data from 
>100,000 carcasses on Irish beef cattle, Pabiou et al. (2012) 
reported a genetic correlation of 0.49 between farmer-scored 
weanling quality and the proportion of the eventual carcass of 
the animal classified as very high-value cuts.

Methodology
Many genetic evaluations now incorporate genomic information 
(Pimentel & Konig, 2012; Meuwissen et al., 2016); the Irish 
dairy, beef and sheep genomic evaluations all include genomic 
information. Over-estimation of genetic merit in animals with 
no performance or progeny information is of growing concern 
(Koivula et  al., 2017). Many possible contributing factors to 
this bias exist including: (1) there always was bias even in 
traditional pedigree-based genetic evaluations (e.g. McHugh 
et  al., 2014; Twomey et  al., 2020; Ring et  al., 2021), (2) 
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selective genotyping of animals may occur whereby not all 
available animals are genotyped, (3) preferential treatment 
of females in the genotyped reference population may 
exist, and (4) the small bias per generation culminates over 
multiple generations before self-correction of the animal 
through phenotypic data on the animal itself or descendants. 
Confidence in genomic predictions can be impacted when the 
realised benefits are less than expected based on published 
genomic evaluations. Hence, this shortcoming is an area of 
particular interest (Dassonneville et al., 2012; Koivula et al., 
2017). Being able to generate genomic predictions that 
accurately transfer across generations and breeds is also of 
particular interest (Olson et  al., 2012) especially in Ireland 
given the large diversity in breeds and their crosses; it is likely 
that sequence data coupled with advanced computational 
approaches such as machine learning could help deliver better 
outcomes (Liu et al., 2019). While phenotypic and genomic 
data are rapidly amassing on routinely recorded traits, the 
speed with which data on more difficult-to-measure traits are 
accumulating is not as fast. Such traits of particular relevance 
to the modern era are those associated with environmental 
load, efficiency of feed use, and product quality; these are all 
difficult-to-measure traits and thus the required dataset sizes 
to achieve accurate genomic predictions using traditional 
approaches may not be possible (Figure 3). Algorithms 
to account for the smaller phenotyped (and genotyped) 
reference population may also be required especially where 
(imputed) sequence data are available; procedures for the 
optimal construction of a small reference population are also 
important. Finally, the accuracy with which the phenotype of 
an animal can be predicted based on its additive genetic merit 
is limited by the narrow-sense heritability (i.e. proportion of 
phenotypic variance attributable to additive genetic effects). 
Being able to predict non-additive genetic effects (i.e. intra- 
and inter-locus effects) would be advantageous in improving 
the predictive ability of performance from genomic information 
with the benefits realised in decision-support tools.

Breeding schemes
The ruminant breeding schemes in Ireland (e.g. McParland 
et  al., 2009) do not actively exploit recent advances in 
reproductive technologies (with the exception of AI). Four 
pathways contribute to genetic gain (Robertson & Rendel, 
1950): sires to produce sires (i.e. bulls/rams to sire the next 
generation of elite [AI] bulls/rams), sires to produce dams 
(i.e. AI and natural mating bulls/rams used by producers 
to generate female replacements), dams to produce sires 
(i.e. elite cows/ewes to produce the next generation of 
young elite [AI] bulls/rams) and dams to produce dams (i.e. 
cows/ewes in commercial herds). Much of the genetic gain 
currently achieved is in the sire to produce progeny pathways; 
simulating an efficient dairy cattle breeding programme, 

Schaeffer (2006) documented how over 80% of annual genetic 
gain in such a breeding programme is achieved via the sire to 
produce progeny pathways. Much of the further genetic gain 
will therefore likely be achieved through the dam to produce 
offspring pathways; this can be realised through a combination 
of improved selection intensity and reduced generation interval 
with the improvement in accuracy of selection being achieved 
mainly through genomic evaluations although more extensive 
phenotyping, especially as heifers/ewe lambs, could improve 
the accuracy of selection further. Accurate data collection on 
individual candidate dams has huge potential to increase the 
accuracy of selection, especially for high heritability traits. By 
its very nature, more accurate data collection is likely to be less 
influenced by random noise, thus possibly contributing to an 
even higher heritability in itself. Accurate phenotypic data could 
also, of course, imply deeper phenotyping. One example is the 
interval from calving to the commencement of luteal activity 
versus the interval from calving to first service. From a review 
of the cattle literature, Berry et al. (2014b) reported a mean 
heritability of 0.149 for the interval to commencement of luteal 
activity versus a mean of 0.052 for the interval to first service; 
some of the observed difference could be due to less accurate 
recording of the latter (e.g. missed oestrus) but also conscious 
decisions by the producer not to serve a cow even though she 
was on oestrus. The same principles would exist for activity 
meters on females. For mass selection, where the animal is 
selected on the basis of its own phenotype, the accuracy of 
selection is the square root of the heritability; so, for example, 
based on a heritability of 0.35 (e.g. milk yield), the accuracy 
of selection on a single record from an individual would be 
0.59 (i.e. 0.35); assuming a repeatability of 0.50 (e.g. milk 
yield), the accuracy of selection for an animal with two or three 
records would be 0.68 and 0.73, respectively. Moreover, not 
only would such information on individual females be useful 
for breeding purposes but it also can have considerable use in 
day-to-day management decisions.
Opportunities to improve selection intensity in cattle in 
particular include the use of targeted sexed semen and 
embryo production. Sexed semen can contribute to genetic 
gain through increasing selection intensity by only needing to 
mate a proportion of the genetically elite females in the herd/
flock to generate replacements (Sørensen et al., 2011). The 
mean of the top 25% of females in a herd/flock is 2.54 s.d. 
units higher than the mean of the top 75% of females in the 
herd/flock; based on mean s.d. across Irish dairy and beef 
herds of €32 (25,549 herd-year between 2016 and 2018) and 
€25 (56,756 herd-years between 2016 and 2018) for the dairy 
and beef replacement index, this equates to a difference in 
the respective index between the top 25% and top 75% of 
€81 and €64, respectively. All else being equal, this should 
increase the rate of genetic gain from this pathway by the 
same amount and that of the entire population (assuming 
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no changes to other selection pathways) by 11% using the 
population parameters reported by Schaeffer (2006) for dairy 
cows. These selected females who become parents of the 
next generation will also tend to be the younger females (i.e. 
heifers and ewe lambs); this will contribute to an additional 
benefit in reducing the generation interval. Combined, the 
increased selection intensity and a reduction in generation 
interval of the dam to produce dam selection pathway by 1 yr 
could accelerate genetic gain by a factor of 1.24 over and 
above the status quo.
Selection intensity and generation interval can also be 
improved, particularly in the dams to produce sires selection 
pathway, with embryo production coupled with genomic 
selection of the generated embryos. Traditional strategies of 
multiple ovulation embryo transfer are now being replaced 
by ovum pick-up combined with in vitro embryo production 
(OPU-IVP; Pontes et al., 2011); efficient procedures now exist 
to generate high-quality implantable embryos without the 
necessity for any hormonal treatment of either the donor or 
the recipient. One of the main bottlenecks and costs of such 
breeding schemes are those associated with the recipients. 
Carefully selecting the implanted embryos based on their 
genotype can increase the intensity of selection further and 
reduce the requirement for recipient females. Nonetheless, as 
selection intensity in particular improves with the exploitation 
of such reproductive technologies, the risk of inbreeding 
also intensifies. Genome-derived inter-animal relationships 
can, however, help mitigate against rapidly accumulating 
inbreeding. More importantly, genomics can also help focus 
on the location of homozygosity in the genome and its impact, 
if any, on subsequent performance (Pryce et al., 2014); this is 
because inbreeding is unlikely to have an impact on regions 
of the genome not controlling performance. Several lethal 
mutations have, for example, been discovered (Cole et  al., 
2016; Braiek et al., 2021), so caution should be taken when 
mating carriers. Moreover, given the impact of climate change 
on weather conditions (and downstream effects like exposure 
of naive populations to exotic organisms), maintenance of 
genetic diversity will be key to ensure a robust population; 
inbreeding erodes genetic diversity.
Although developments in reproductive technologies enable 
faster genetic gain in the female to progeny pathway, it also 
provides opportunities to be more selective in the sires used on 
the females not chosen to be parents of the next generation. 
Dairying in particular can reap the benefits of increasing the 
value of calves through the use of beef bulls on the dairy 
females (Berry & Ring, 2020b) exploiting tools like a dairy-beef 
index (Fogh, 2016; Berry et  al., 2019) to identify such sires. 
The same is true for beef cows in that sires with more terminal 
characteristics can be mated to females not destined to 
become parents of the next generation. Care, however, should 
be taken of any likely increase in the risk of calving dystocia 

(Berry & Ring, 2020b) but also the potential impact of beef sires 
on subsequent dairy cow performance even in the absence of 
any degree of calving difficulty (Berry & Ring, 2020a).

Decision support
Developments in sensing systems and their use in agriculture 
will naturally lead to increased volume, velocity, variety, 
veracity and value (i.e. big data). Decomposing these 
data into value-creating decision-support tools with cross-
compatibility across other such tools will be a major challenge; 
greater interaction with end-user focus groups will be of 
utmost importance to ensure that the tool is not only fit for 
purpose but also reaps a sufficient return on investment for 
all actors. Artificial intelligence will undoubtedly contribute to 
the analytical systems underpinning such tools; explainable 
artificial intelligence (XAI) systems will also have a major role 
in demonstrating how the solutions have been arrived at and 
thus can be readily understood (and therefore more accepted) 
by the end user. It is also likely that more use will be made 
of federated learning to deal with heterogenous data sources 
while preserving privacy and security of the data owners.
Whereas many decision-support tools, especially those 
based on mating advice, tend to predict the expected mean 
performance, the variability in predictions of the associated risk 
will also become important. For example, in the development 
of a sire mating advice system for mating dairy bulls to dairy 
females, Carthy et al. (2019) predicted the expected progeny 
merit for the different combinations of male–female matings. 
With growing access to genomic information, however, it is 
possible to accurately construct the phased haplotypes of 
all animals. Such knowledge can be used to calculate the 
expected variance in progeny genotype (Santos et al., 2019) 
which can then be used to generate the distribution in expected 
(total or additive) genetic merit for all evaluated traits (and 
overall breeding objective). Such a tool could be particularly 
useful in establishing the risk of calving dystocia for a given 
mating, especially for beef-on-dairy matings (Berry, 2021). In 
such circumstances, dairy producers may opt for bulls with 
a slightly greater mean predisposition to calving difficulty 
but with a greater likelihood of producing more homogenous 
calves and thus fewer very large calves which may require 
veterinary intervention during calving. Growing information on 
genetic variants with large effects including those associated 
with infertility (Cole et al., 2016) will also play a pivotal role not 
only in mating advice programmes but also in personalised 
management systems.
Personalised management is where the management is 
optimised to the genotype of the individual. While often heralded 
as the future, the practice of personalised management or 
nutrition is well established; a good example of such is the 
different feeding management in late gestation sheep depending 
on the number of lambs in utero or indeed the differential in 
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feeding levels and dry length period of cows differing in body 
condition score. However, generation of predisposition metrics 
(called polygenic scores in the human sciences; Torkamani 
et al., 2018), which incorporate both genetic and non-genetic 
features coupled with more automation on farms, will make 
personalised management more achievable. Prediction of 
genetic merit for certain traits can also influence decision 
rules used in decision-support tools, implying that the decision 
process is bespoke to the animal. For example, a somatic cell 
count in dairy cows of >200,000 cells/mL may cause an alert in 
primiparous cows, but this threshold may lowered to >150,000 
if the cow in question is known to have genetic predisposition to 
mastitis; this is akin to patients being asked about family history 
of certain diseases by doctors when trying to more accurately 
diagnose ailments. Decision-support tools and personalised 
management can, however, complicate genetic evaluations. 
Such personalised management may involve feeding to 
yield thereby impacting the foundational assumptions of a 
contemporary group; another example could be the prediction 
of likely mastitis in which case the producer may try to advert 
a clinical case and, if successful, no mastitis event will enter 
the database for use in genetic evaluations. Such personalised 
management could also be at the level of the herd exploiting 
herd BLUEs to tailor not only the breeding goal to the herd but 
also the expected response to selection for each trait given the 
herd BLUE for that trait (Craig et al., 2018; Dunne et al., 2019; 
Kenny et al., 2021).

Conclusions

The key steps of a successful animal breeding programmes 
include: (1) a pertinent and relevant breeding goal, (2) the 
appropriate breeding objective underpinned by a selection 
index with sufficient high-quality data from the relevant 
population (and production systems), (3) an accurate genetic/
genomic evaluation system, (4) an efficient and effective 
breeding scheme, and (5) a system to disseminate the elite 
germplasm to the end user; validation of genetic evaluations 
and breeding objectives is also key. While the current national 
breeding objectives in Ireland are extensive, suites of traits that 
will need to be considered more in future ruminant breeding 
objectives include environmental impact, product quality and 
animal well-being. Research on how best to incorporate such 
traits (i.e. phenotyping strategy, genetic evaluations, weighting 
factors) is underway.
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