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ABSTRACT: This paper summarizes the potential and the 
limitations for the genetic make-up of reference populations 
in the light of genetic architecture of population and traits, 
and discusses the resulting consequences for introducing 
new phenotypes in dairy cattle breeding schemes. To over-
come the problem of limited reference population size, 
genotype exchanges between populations from different 
countries, inclusion of genotyped females, or imputation of 
completely un-genotyped animals are promising solutions. 
Concerning the persistence of linkage disequilibrium, 
marker density needs to be balanced with the level of genet-
ic divergence between animals. With regard to the increas-
ing complexity of future traits and their recording, the utili-
zation of cooperator herds is advisable. Functional traits 
will remain the focus of future research, in which health 
and fertility are the main issues. The increasing interdisci-
plinary background of relevant traits requires accordant 
collaborations and a holistic approach. 
Keywords: dairy cattle; genomic selection programs; refer-
ence population; new traits 
 
 

Introduction 
 

It is an indisputable fact that genomic selection has 
revolutionized dairy cattle breeding. This exciting technol-
ogy offers promising opportunities and at the same time 
poses new challenges (Hayes et al. (2009)). One of the key 
challenges for successful application of genomic selection 
is the design of the reference population. Besides the herit-
ability of the trait, marker density, and the statistical meth-
od, the design has a crucial impact on the accuracy of ge-
nomic prediction, and is therefore essential for the success 
of genetic evaluations based on genomic data and genomic 
selection. 

 
The critical factors for assembling a reference 

population are the number and the composition of animals 
within this population (Calus et al.	  (2012)); Pszczola et al. 
(2012)). Generally, the size of the reference population is 
limited by the number of genotyped animal or the availabil-
ity of phenotypes if those are hard or expensive to record. 
Additionally, it is important that the genomic structure of 
the population and the genetic trait architecture have to be 
considered jointly when assembling a reference population.	  
Thus, the aim of this paper is to discuss new and promising 
phenotypes within this complex and dynamic context. 

 
Ways to generate additional information 

 
The availability of both genotypic and phenotypic 

information for a very large number of animals would be 
the ideal precondition to achieve a high accuracy of ge-

nomic prediction. This situation is seldom feasible. The 
main limiting factor for the reference population size is the 
economic aspect; either the trait is difficult or extensive to 
measure and/or the genotyping costs are proportionally 
high, and thus restrictive. This problem becomes more 
severe the smaller the population due to disproportionately 
rising costs. Different approaches to enlarge the reference 
population exist: i) combining populations from different 
countries or from different breeds ii) adding genotyped cow 
to the reference population iii) imputing genotypes for 
related animals from zero (complete un-genotyped ani-
mals). 

 
Combining populations from different coun-

tries or from different breeds: Very early in the short 
history of genomic selection, the stakeholders became 
aware of the fact that the cooperation between countries by 
combining reference data is helpful and even necessary. 
Well-established consortia such as EuroGenomics or the 
US-Canadian collaboration show the large benefit resulting 
from the affiliation of several closely related populations 
into a single reference population (e.g. Lund et al. (2011)). 
The inclusion of foreign genotype information is a worth-
while possibility to enlarge the reference population, espe-
cially for countries whose own reference population is 
small. As an example, Chinese genomic prediction would 
strongly benefit from a joint dataset that contains Chinese 
and Nordic Holstein cattle, resulting in substantially in-
creased reliabilities of genomic estimated breeding values 
(GEBV) for milk performance traits (Zhou et al. (2013)). 
De Haas et al. (2012) showed that using a multi-country 
reference population can also increase the accuracy of ge-
nomic prediction for hard to measure traits. In their study, 
the authors found that combining phenotypes for dry matter 
intake across three different countries increased the accura-
cy of GEBV, provided a multiple-trait approach was ap-
plied. For another expensive to measure trait, residual feed 
intake, the accuracy of genomic prediction was studied 
when combining information of two countries (Pryce et al. 
(2012a)). Accuracies for GEBV of 0.37 (Australia) and 
0.31 (New Zealand) were achieved. However, using one 
country for the reference population and the other country 
for the validation set did not perform well. The validation 
of the prediction equations derived from the two studies 
described above in a completely independent validation set 
confirmed the feasibility of achieving reasonable genomic 
prediction accuracies for feed efficiency traits when using a 
multi-country reference population (Pryce et al. (2014)).  
 

Erbe et al. (2012) tested the use of a combined 
Holstein-Jersey reference population, with particular focus 
on the resulting advantage in accuracy of GEBV for the 



smaller breed. The results varied strongly with the regarded 
trait, the chosen marker panel and the applied statistical 
method, and altogether the use of the combined reference 
population only under certain conditions resulted in small 
increases of accuracy. Pryce et al. (2011) demonstrated that 
a marginal advantage for the accuracy of GEBV followed 
from the application of a multi-breed reference population 
with three different breeds from different countries.  

 
Nevertheless, the use of multiple breeds to calcu-

late prediction equations in genomic selection can be an 
attractive way to increase the size of the reference popula-
tion. The key question when combining populations is: how 
divergent are these specific populations? The prediction 
equation derived from one breed is only accurate for anoth-
er breed when the marker-QTL associations persist across 
breeds due to linkage disequilibrium (LD). Therefore, a 
sufficient marker density is required, with a higher density 
in more divergent populations (de Roos et al. (2009)). To a 
certain degree, the increase of the marker density can help 
to capture the LD across breeds. However, analyses of Erbe 
et al. (2012) have shown that increasing the marker density 
does not necessarily lead to higher accuracies of GEBV, 
which may be due to the fact that portions of the SNP are 
not in the same phase with QTL across breeds. Thus, the 
extent of LD within the single populations and the con-
sistency of LD between the populations are important fac-
tors and need to be considered when using combined refer-
ence populations. 

 
ii) Use of cow reference population or combined 

cow-bull reference population: When estimating the SNP 
effects in a reference population of animals with known 
phenotypes and genotypes, these genotyped animals are 
usually proven bulls and the phenotypes used are the esti-
mated breeding values of these bulls, based on large daugh-
ter groups. If the number of sires or the number of daughter 
records is limited, a cow reference population or a com-
bined cow-bull reference population can be set up.  

 
A well-known example is the Australian 10,000 

Holstein genomes project in which DNA information from 
10,000 Holstein cows were collected from farms with high 
quality herd recording data. This information became part 
of the Australian reference population and has delivered 
significant increases in the reliability of genomic based 
breeding values for young bulls (around 8%), for cows, and, 
in general, for hard to measure traits for which even more 
proven bulls received publishable genomic based breeding 
values (Pryce et al. (2012b)).  

 
If a combined cow-bull reference population is ap-

plied, the accuracy of the phenotypes may differ between 
male and female animals; this point has to be considered in 
the development of the model for genomic predictions 
(Calus et al. (2013)). When integrating cows in the refer-
ence population, one fundamental consideration is the se-
lection of the most informative individuals from the (mostly 
large) female population. Evidence suggests that including 
own milk performance of elite females leads to biased ge-
nomic evaluations. Dassonneville et al. (2012) showed that 

the involvement of cow records in genomic evaluations can 
provoke over-estimation due to preferential treatment, and 
consequently, milk production records of elite cows require 
specific treatment if included. Jiménez-Montero et al. 
(2012) have evaluated several female-selective genotyping 
strategies to increase the accuracy of GEBV. Depending on 
the population size, these authors either recommended a 
two-tailed selection (small populations), including females 
that exhibit upper and lower extreme values within the yield 
deviation distribution, or they proposed a random selection 
for larger populations. However, genotyping only the best 
cows did not perform well. In contrast, Lourenco et al. 
(2014) showed that including genotypes of elite females in 
genomic prediction using a single-step genomic BLUP 
approach has no negative effect on evaluation accuracy. 

 
In a genomic breeding program for dairy cattle, 

given that bull calves will be genotyped and selected ac-
cordingly, also sires and dams of future bulls should be 
selected on the basis of their estimated breeding values 
(Wensch-Dorendorf et al. (2011)). For sires of bulls, geno-
types will be available in any scenario. The question on 
whether to genotype dams of bulls depends on the use and 
success rate of reproductive technologies (Sorensen and 
Sorensen (2010); Wensch-Dorendorf et al. (2011)). 

 
iii) Imputation of genotypes for related animals 

from zero: The imputation of completely un-genotyped 
animals is a possible low-cost strategy to increase the size 
of a reference population. This strategy is particularly ad-
vantageous in cases where the phenotype of an animal 
exists but the genotype does not. Such imputations of un-
genotyped individuals require a set of closely related geno-
typed animals. Bouwman et al. (2014) analyzed imputation 
accuracies for different scenarios of relatives with available 
genotypes and found it to be a helpful solution to include 
valuable phenotypes in genomic predictions, especially if 
genotyped offspring exists. 

 
Pimentel et al. (2013) have developed an algorithm 

to impute un-genotyped dams using known genotypes from 
the sire of each dam, one offspring, and the offspring's sire. 
The inclusion of these dams in the reference population 
increased the accuracy of genomic predictions up to 
37.14%. This approach was noted to be particularly profita-
ble for populations with lower levels of LD, for traits with 
low heritability, and for species with a limited reference 
population. Altogether, basic segregation rules seem to be 
the current favorable method, but the development of spe-
cific imputation algorithms for un-genotyped animals using 
LD and pedigree information is necessary (Bouwman et al. 
(2014)). 
 

Genomic structure of population and  
genetic trait architecture 

 
In addition to the size of the reference population, 

its composition and its relationship with selection candi-
dates is important. The design of the reference population, 
in terms of relationships within the reference population 
and between candidates and reference population has been 



analyzed in several studies. The maximum reliability when 
using a cow reference population can be reached if the 
relationship between animals in the reference population is 
minimized, and if at the same time the relationship between 
validation set and reference population is maximized 
(Pszczola et al. (2012)). A randomly composed reference 
set appears to be beneficial in some analyses (Pérez-Cabal 
et al. (2010); Pszczola et al. (2012)), whereas cross-
validation should account specifically for an additive-
genetic relationship (Habier et al. (2010)). In particular, the 
timeliness of the reference population must be guaranteed 
(Lillehammer et al. 2011), because the accuracy decreases 
with the genetic distance between validation set and refer-
ence population (Habier et al. (2007); Habier et al. (2010)). 
Hence, reference populations need to be continuously up-
dated; otherwise the relationship between reference and 
validation population decays and the accuracy of estimated 
SNP effects and therefore also those of the GEBV erodes 
(Habier et al. (2007); Pryce et al. (2012c)). 

 
In addition to the accuracy of the estimated marker 

effects, the proportion of genetic variance explained by 
these markers influences the accuracy of genomic predic-
tion. The number of markers proportional to the number of 
independent loci affecting the trait (Daetwyler et al. (2008)) 
or alternatively the number of markers proportional to the 
number of independent chromosome segments (Daetwyler 
et al. (2010); Goddard (2009)) affecting the trait as well as 
the distribution of the effects of these segments are relevant 
aspects.  In turn, the number of independent segments de-
pends on the effective population size and the genetic 
length of the genome. Thus, in populations with a small 
effective size, the expected number of independent seg-
ments is lower (Goddard (2009)). Consequently, the ge-
nomic structure of population and genetic trait architecture 
are inextricably linked with each other and need to be taken 
into account when assembling a reference population, de-
signing a chip, or choosing appropriate statistical methods 
for genomic prediction. 

  
New traits – how to evaluate? 

 
The search for and definition of new traits is a per-

petual process. Recognizing the potential of already exist-
ing resources often opens promising opportunities. Boich-
ard and Brochard (2012) indicated that substantial infor-
mation exists in the form of traditional recording and preci-
sion farming; it only needs to be standardized and coordi-
nated. The situation becomes more challenging if the new 
target trait is more complex, hard to measure, extensive or 
costly to evaluate, or if it can be evaluated in one sex only, 
or late in life of the individual. If so, it is rarely feasible to 
evaluate this trait during routine process in practice, so field 
data are hardly available. Under these conditions, it is use-
ful to work intensively with a representative sample of 
herds. König and Swalve (2009) have recommended the 
establishment of cooperator herds to increase the selection 
response in genomic breeding programs, especially for low-
heritability functional traits. Data from such cooperator 
herds has successfully been used in genetic evaluations 
(Schöpke et al. (2013)) as well as in association studies 

(Swalve et al. (2014)). Veerkamp et al. (2011) used re-
search herds to calibrate SNP effects for the estimation of 
genomic breeding values for scarcely recorded traits. Pryce 
et al. (2012c) recommended so called “information herds” 
to record high quality phenotypes for traits of importance, 
and hence to provide information which is necessary to 
predict accurate equations. 

 
Independent of the specific name for these herds 

(cooperator herds, information herds, contract herds, test 
stations) they need to fulfill special conditions. It is required 
that the considered farm has a certain herd size, is well 
managed, and willing and able to evaluate and record the 
target data. Additionally, these herds have to be representa-
tive of the whole population, in terms of common husband-
ry conditions and regarding the genetic make-up. 

 
New phenotypes 

 
The demands for livestock breeding and produc-

tion have changed considerably within the last decade and 
are still changing. The social expectations of a sustainable 
and resource-friendly production of safe and high-quality 
agricultural products are the current challenges. Several 
authors have illustrated that genomic selection offers oppor-
tunities to use  new phenotypes (Boichard and Brochard 
(2012); Calus et al. (2012)); at the same time the critical 
aspect of quality and quantity of these phenotypes arises 
(Boichard and Brochard (2012)). The following section 
presents and discusses novel traits in dairy cattle breeding 
and their potential to enter in genomic selection programs. 

 
Female fertility, the ability of a cow to get preg-

nant, consists of two parts: the cow’s ability to cycle and 
show estrus, and the cow’s ability to get and stay pregnant 
after insemination. Also, it might be reasonably assumed 
that fertility in heifers and fertility in lactating cows are 
different traits (Tiezzi et al. (2012)). It is usually difficult to 
select for fertility phenotypes, due to the generally low level 
of heritability, especially for many of the traditional fertility 
traits such as non-return rates, calving to first service, num-
ber of services, or calving interval (Liu et al. (2008); Berry 
et al. (2012)). Initially, the information derived from artifi-
cial insemination service data in most countries. New tech-
nologies supply new data, which need to be analyzed in 
terms of their practicability for genetic and genomic predic-
tions. One example for the successful use of herd manage-
ment devices is measuring a cow’s activity behavior (e.g. 
from pedometers or accelerometers), which changes con-
siderably during estrus. Løvendahl and Chagunda (2009, 
2010) showed that activity information provides valuable 
data for fertility assessment. Some of these activity-based 
fertility traits are more heritable than traditional fertility 
traits. Also, fertility phenotypes based on hormone profile 
information typically have higher heritability values. The 
most common trait is commencement of luteal activity 
(Veerkamp et al. (2000); Berry et al. (2012)); alternative 
trait definitions are proportion of luteal activity (Petersson 
et al. (2007)), length of first luteal phase or delayed ovula-
tion (Royal et al. (2002)). Sorg et al. (2014) showed that the 
animal’s mean progesterone value is a simple, heritable 



(h²=0.25) trait highly correlated with the commencement of 
luteal activity.  

 
A direct but at the same time invasive method to 

assess resumption and regularity of cyclicity is the ultrason-
ic scanning of ovarian structures, such as number and size 
of follicles or volume of corpus luteum. Differences for 
some of these traits exist between Holstein and crossbreds 
(Mendonca et al. (2014)), but a genetic analysis of these 
parameters hasn’t been done so far, and might become 
difficult due to the extensive recording. 

 
A novel trait connected with fertility is the position 

of labia which influences the accumulation of urine in the 
cow’s vagina, diagnosed as urovagina. Studies of Gautam 
and Nakao (2009) have indicated that cows with clinically 
relevant urovagina show impaired fertility, since they re-
quire more inseminations per conception, have more days 
open, hold a lower pregnancy rate and have higher risk of 
endometritis. First estimations for genetic parameters have 
been published recently and suggest position of labia to be a 
promising new trait for fertility (Kramer et al. (2013); Kra-
mer et al. (2014)).  

 
Altogether, the improvement of fertility remains 

an important but also demanding field for dairy cattle re-
search and practice. 

 
Animal health is a universal issue becoming more 

and more important, because it has far-reaching effects on 
the animal’s well-being, productivity, and longevity. Data 
concerning health information can be evaluated either di-
rectly (diagnoses or observations of diseases, clinical signs 
or findings indicative of diseases) or indirectly (somatic cell 
count, body condition score, conformation scores), and they 
stem from veterinarians, producers, expert groups (claw 
trimmer, nutritionist) or other sources, like laboratories or 
on-farm equipment (ICAR (2012)). It is known that the 
availability of sufficient and valid direct health data is re-
quired and challenging at the same time for the effective 
use of health information, and thus for genetic as well as 
genomic evaluations (Egger-Danner et al. (2012)). Accord-
ingly, the crucial question to answer is: which records are 
suitable? One possible way to generate data is the use of 
veterinarian documentation on diagnoses, treatments and 
prescriptions. This data source provides a valuable continu-
ous recording which is necessary for the implementation in 
breeding programs. But this strategy also urgently requires 
standardization and centralization (ICAR (2012)). Several 
large projects, for example in Scandinavia (Philipsson and 
Lindhé (2003)), the US (Zwald et al. (2004)), Austria (Eg-
ger-Danner et al. (2012)), and Germany (Stock et al. 
(2012)) have dealt with the application of veterinarian re-
cordings for genetic evaluations and have partially included 
these data in national evaluation systems (Philipsson and 
Lindhé (2003); Egger-Danner et al. (2012)). One of the 
main challenges when using this kind of data is to distin-
guish between herds with low disease frequencies and those 
with inaccurate documentation. Another opportunity to 
generate health information is to diagnose a whole cohort 
instead of collecting only the data of affected cows. Record-

ing of complete contemporary groups has the distinct ad-
vantage that healthy and non-healthy animals can be in-
cluded in the later analysis. This kind of recording helps to 
explain the genetic background and may enable the identifi-
cation of candidate genes of certain diseases, as for example 
Johne’s disease (Kirkpatrick et al. (2011)), clinical mastitis 
(Sodeland et al. (2011)) or sole hemorrhage (Swalve et al. 
(2014)). 

 
Besides the susceptibility to specific diseases, the 

overall disease resistance is an interesting phenotype since 
it describes the capability of the immune system to control 
infectious and other diseases. Traits of immune response (e. 
g. cell-mediated or antibody –mediated immune response) 
are moderately heritable (Thompson-Crispi et al. (2012a)), 
show associations to economically important diseases in 
dairy cattle and thus are suggested to be integrated into 
breeding programs to decrease the incidence of infectious 
and metabolic diseases (Thompson-Crispi et al. (2012b)). 
Canadian A.I. organizations (www.semex.com) already are 
taking this approach, offering semen from bulls tested for 
immune response. 

 
A side effect of good documentation of routine 

herd data, especially health data, is that there is a close 
connection between animal health and animal welfare. The 
issue of welfare is becoming more important, which means 
the dairy industry has to ensure a sustainable and cost-
efficient milk production in accordance with public expec-
tations. The Welfare Quality Assessment protocol for cattle 
(Welfare Quality (2009)) contains a multiplicity of welfare 
indicators. The according on-farm assessment is time con-
suming and, therefore, costly (Knierim and Winkler 
(2009)). Some of these welfare indicators are well known 
herd management traits, such as somatic cell count and 
body condition score, or traits which can be found in health 
documentation (e.g. lameness, vulva discharge, diarrhea, 
ocular discharge). It was shown that routinely collected 
herd data can serve as a tool for prescreening to detect 
herds having welfare problems (de Vries et al. (2014)), and, 
in general, to improve the classification of herd welfare 
(Nyman et al. (2011)).  

 
Behavioral traits recently attracted increased in-

terest. They are important for the dairy producers, because 
they describe the ease of handling a cow (e.g. temperament, 
aggressiveness) or the ability of the cow to adapt to the 
farm conditions and go with the flow of everyday dairy 
routine (e.g. milking time). Consequently, these traits are 
important for the safety of humans and animals, for eco-
nomic reasons, and for continuing automation, for example 
the cow’s tolerance of milking robots. Thus, they are some-
times called workability traits, and there exists a proven 
association between these traits and functional longevity, as 
the risk to be culled is higher for nervous cows, fast milkers 
and slow milkers (Sewalem et al. (2010)). 

 
Although there is a substantial body of literature 

for behavioral traits and docility in cattle, most of the stud-
ies deal with beef cattle. Studies conducted in dairy cattle 
are mainly focused on traits associated with milking, like 



milking temperament (Sewalem et al. (2011); Rensing and 
Ruten (2005)) or milking time and speed. Milking temper-
ament and general temperament seem to be similar traits, 
but they show different heritability values and only moder-
ate genetic correlation (Kramer et al. (2013)). For milkabil-
ity, different trait definitions from different data sources 
exist. It can either be measured or scored subjectively by a 
person; both ways lead to different genetic parameters 
(Rensing and Ruten (2005)). Common trait definitions are 
milking time, box time (for AMS), average flow rate, milk-
ing speed, milking interval, milking frequency, or residual 
milk duration. Results from recent studies indicate average 
flow rate and box time to be suitable for genetic analysis 
(Carlström et al. (2013)). Since milking speed is considered 
to have an intermediate optimum, Berry et al. (2013) sug-
gest residual milk duration including somatic cell score as a 
novel useful trait with the potential for inclusion in breed-
ing programs. The high correlations between identical de-
fined milkability traits from different lactations or from 
different milking systems as well as results from model 
comparisons indicate that a few test-days per cow would 
allow predicting accurate breeding values for milkability 
(Carlström et al. (2014)). Altogether, the milkability trait 
complex is still heterogeneous and requires further harmo-
nization and standardization. A more general issue is the 
behavioral adaption of dairy cows to farm conditions and to 
changes of these environmental conditions. The sensitivity 
of an animal to stress is directly connected with production, 
thus the strategy should be to find cows that are able to 
overcome perturbations in their environment. Thereby, 
animal welfare, handler safety and production could im-
prove at the same time (Canario et al. (2012)).  

 
Besides the presented groups of traits, a variety of 

further phenotypes of current or future importance exists; 
some selected phenotypes are briefly touched on in the 
following paragraphs. 

 
Data from mid-infrared spectroscopy (MIRS) have 

become of increasing interest in the last years. The technol-
ogy is commonly used to predict the content of fat, protein, 
lactose, and urea in individual or bulk milk samples and has 
the potential to record this information at the population 
level for phenotypic and genetic purposes, because it is a 
fast and low-cost methodology (De Marchi et al. (2014)). 
One alternative use of MIRS information is the prediction 
of milk quality characteristics related to human nutrition, 
such as fatty acid composition (e. g. Rutten et al. (2009); De 
Marchi et al. (2011)), mineral composition (Soyeurt et al. 
(2009)) and protein composition (Bonfatti et al. (2011); 
Rutten et al. (2011)). The latter is also important for cheese 
production, since it influences the coagulation properties of 
milk. A common measurement of milk coagulation is ren-
net coagulation time, which can also be predicted with 
MIRS, as well as milk acidity (De Marchi et al. (2014)). 
Another feasible application is to use MIRS information as 
an indicator of the cow’s body energy status (McParland et 
al. (2011); McParland et al. (2012)). Furthermore, interest-
ing relationships between spectra information and methane 
emissions were found by Dehareng et al. (2012). Efforts are 
also needed to study the effect of data pretreatment, to find 

appropriate software types, and to standardize reference 
methods within and across counties. Nevertheless, the po-
tential to use MIRS to predict new milk phenotypes (e. g. 
vitamins, phospholipids, content of potassium, magnesium, 
and zinc) or to include MIRS recorded phenotypes into 
breeding programs is considered to be high (De Marchi et 
al. (2014)). 

 
A group of closely connected traits in dairy cattle 

are metabolic health and stability, feed intake, feed effi-
ciency and methane emission. A measure for feed efficien-
cy of farm animals is residual feed intake (RFI), which is 
calculated from the difference between actual and predicted 
intake. Consequently, cows with a lower RFI are more 
feed-efficient and it is shown that they emit less methane at 
the same time (de Haas et al. (2011)). Considering esti-
mates for heritability of RFI (0.40) and methane production 
(0.35), the selection of efficient cows has the potential to 
reduce enteric emission. Including genomic selection meth-
ods into breeding programs could improve this potential (de 
Haas et al. (2011)). However, breeding for RFI in dairy 
cattle can also cause conflicts, especially in early lactation, 
when cows get into a negative energy balance and mobilize 
body reserves (Niemann et al. (2011)). Accordingly, a high 
feed intake is required during this time to avoid common 
diseases (Schäff et al. (2012)). Thus, successful improve-
ment for feed efficiency, metabolic health, and methane 
emission can only be realized in close cooperation between 
experts from the scientific disciplines of animal breeding 
and nutrition. 

 
Conclusion 

 
In modern dairy cattle breeding programs, the va-

riety of possible new phenotypes is large. Many new traits 
potentially already exist and need to be defined exactly and 
recorded in a standardized way. New technologies provide 
new opportunities to generate data and some old traits only 
need to be defined in a new way. Generally, the data quality 
is essential for the successful implementation of new traits. 
Therefore, the implementation of cooperator herds is advis-
able, especially for phenotypes that are difficult or expen-
sive to measure.  

 
Since the number of animals with available pheno-

types and genotypes limits the accuracy of genomic predic-
tion, there is a need to extend the size of the reference set 
for small populations or in case of rare phenotypes. Possible 
solutions for this problem are the combination of popula-
tions from different countries, the inclusion of genotyped 
females as well as the imputation of un-genotyped animals. 
The combination of populations from different breeds is of 
limited benefit. A high level of genetic relationships be-
tween reference and validation set and their frequent up-
dating are influencing the LD between marker and QTL and 
thus are important for accurate estimated SNP effects. Also 
a sufficient marker density is necessary to capture this LD 
reliably. Genomic selection programs have the potential to 
accelerate genetic progress. Future challenges in dairy cattle 
will be abundant because they are influenced by social 
demands, political frameworks, changing market condi-



tions, or climatic changes. Future cows might be faced with 
new farm management systems, altered diets, heat stress, 
and new or changed diseases. Scientists, breeders and farm-
ers confronted with these new challenges will have to deal 
with the continuously changing conditions and cope simul-
taneously with the complex system “dairy cow”. Thus, the 
intensification of interdisciplinary projects is urgently nec-
essary and holistic approaches are strongly recommended.  
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