
ABSTRACT

Red dairy breeds are a valuable cultural and histori-
cal asset, and often a source of unique genetic diver-
sity. However, they have difficulties competing with 
other, more productive, dairy breeds. Improving com-
petitiveness of Red dairy breeds, by accelerating their 
genetic improvement using genomic selection, may be 
a promising strategy to secure their long-term future. 
For many Red dairy breeds, establishing a sufficiently 
large breed-specific reference population for genomic 
prediction is often not possible, but may be overcome 
by adding individuals from another breed. Relatedness 
between breeds strongly decides the benefit of adding 
another breed to the reference population. To prioritize 
among available breeds, the effective number of chro-
mosome segments (Me) can be used as an indicator of 
relatedness between individuals from different breeds. 
The Me is also an important parameter in determin-
ing the accuracy of genomic prediction. The Me can 
be estimated both within a population and between 2 
populations or breeds, as the reciprocal of the variance 
of genomic relationships. We investigated relatedness 
between 6 Dutch Red cattle breeds, Groningen White 
Headed (GWH), Dutch Friesian (DF), Meuse-Rhine-
Yssel (MRY), Dutch Belted (DB), Deep Red (DR), and 
Improved Red (IR), focusing primarily on the Me, to 
predict which of those breeds may benefit from includ-
ing reference animals of the other breeds. All of these 
breeds, except MRY, are under high risk of extinction. 
Our results indicated high variability of Me, especially 
between Me ranging from ~3,500 to ~17,400, indicat-
ing different levels of relatedness between the breeds. 
Two clusters are especially important, one formed 
by MRY, DR, and IR, and the other comprising DF 
and DB. Although relatedness between breeds within 
each of these 2 clusters is high, across-breed genomic 
prediction is still limited by the current number of 

genotyped individuals, which for many breeds is low. 
However, adding MRY individuals would increase the 
reference population of DR substantially. We estimated 
that between 11 and 133 individuals from other breeds 
are needed to achieve accuracy of genomic prediction 
equivalent to using one additional individual from the 
same breed. Given the variation in size of the breeds in 
this study, the benefit of a multibreed reference popula-
tion is expected to be lower for larger breeds than for 
the smaller ones.
Key words: Red dairy cattle breed, effective number 
of chromosome segments, genomic selection

INTRODUCTION

Genomic selection of candidates has become the 
method of choice in many breeding programs. In dairy 
cattle, the main appeal of selection based on genomic 
breeding values (GEBV) instead of traditional BLUP, 
is often in the possibility to increase genetic gain by 
reducing the generation interval. The process of esti-
mating GEBV is known as genomic prediction, and 
it requires a reference population where SNP effects 
can be estimated accurately. Hence, success of genomic 
selection strongly relies on the accuracy of genomic pre-
diction. Two main factors that determine the accuracy 
of genomic prediction are the size of the reference pop-
ulation (Meuwissen et al., 2001) and the relationship 
between reference individuals and selection candidates 
(Habier et al., 2007; Pszczola et al., 2012). The latter 
is especially important when the reference population 
is small (Wientjes et al., 2013). Limited-size reference 
populations are usually encountered in numerically 
small breeds. Many of the European Red dairy breeds 
fall into that category.

Red dairy breeds are a valuable cultural and histori-
cal asset, and often a source of unique genetic diversity 
(van Breukelen et al., 2019). However, they have diffi-
culties to compete with other, highly productive, dairy 
breeds (Hiemstra et al., 2010; Addo et al., 2017). In the 
Netherlands, up to the beginning of the 1980s, the na-
tive dual-purpose breeds [i.e., breeds used for both milk 
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and meat production, such as Groningen White Headed 
(GWH), Dutch Friesian (DF), and Meuse-Rhine-Yssel 
(MRY)] were most popular for milk production (Van 
Eijndhoven, 2014). Currently, the high-yielding Hol-
stein Friesian (HF) is the dominant breed in the Dutch 
dairy cattle population, and as a result of replacement 
of Red dairy cattle by HF, Red dairy breeds suffered 
a significant decrease in numbers (Hiemstra et al., 
2010; Van Eijndhoven, 2014). Due to their functional 
characteristics that tend to be better compared with 
mainstream breeds, for example, fertility, udder health, 
calving ease, and because of their adaptation to local 
environments, interest in Red dairy breeds is still sub-
stantial, especially for niche production and crossbreed-
ing (Schäler et al., 2019).

Maintaining, and preferably improving, competitive-
ness of Red dairy breeds by accelerating genetic im-
provement of production traits using genomic selection 
may be a promising strategy to secure their long-term 
future. For example, genomic evaluations for the MRY 
breed showed 15.9% gain in reliability over parent aver-
age EBV for production traits, and 9.6% for confor-
mation traits, indicating clear benefits of using GEBV 
(Stoop et al., 2017). However, for many Red dairy 
breeds, establishing a sufficiently large breed-specific 
reference population is often not possible. This issue 
may be overcome by relying on reference animals from 
other breeds (i.e., by forming a multibreed reference 
population; Hozé et al., 2014). The reference animals 
from the target breed are much more informative than 
those from other breeds; hence, many animals from 
other breeds are needed to achieve the same accuracy 
as using reference animals from the target breed (Meu-
wissen et al., 2013). In addition, not all breeds are 
equally relevant. Relatedness between breeds strongly 
decides the benefit of adding another breed to the refer-
ence population, where a higher increase in accuracy 
is expected when closely related breeds are combined 
in the reference population, whereas no or only low 
increases in accuracy are expected when those breeds 
are more distant (Habier et al., 2007; Brøndum et al., 
2011; Hozé et al., 2014). Different methods can be used 
to estimate relatedness between breeds (Eding and 
Meuwissen, 2001). In this domain the effective number 
of chromosome segments (Me) is especially interesting, 
as it not only indicates relatedness between individuals 
from different breeds, but it can also be used to predict 
expected accuracy of genomic prediction that relies on 
use of information from other breeds (Wientjes et al., 
2016).

The Me can be estimated both within a population 
and between 2 populations or breeds. The Me within 
the population describes the number of chromosome 

segments that are segregating independently in the 
population. The value of within Me is directly related 
to the effective population size (Ne; Brard and Ricard, 
2015; Lee et al., 2017). Low Ne is associated with 
higher relatedness among individuals and consequently 
to higher extent of linkage disequilibrium (LD; Sved, 
1971; Falconer and Mackay, 1996) and lower number 
of segregating chromosome segments. The Me between 
populations gives insight into the consistency of LD 
between the 2 populations (Wientjes et al., 2016). 
Conceptually, we can consider the Me between popula-
tions as the effective number of chromosome segments 
that are segregating in the joint reference population 
consisting of the 2 populations of interest (Wientjes 
et al., 2016). Low Me between populations indicates 
high relatedness between 2 populations, whereas be-
tween populations that were split more generations ago 
usually a higher value of Me is observed (see general 
discussion in Wientjes, 2016).

In this study we investigated relatedness between 
6 native Dutch Red cattle breeds, focusing primarily 
on the effective number of chromosome segments, to 
predict which of those breeds may benefit from includ-
ing reference animals of the other breeds. To achieve 
our aim, we used genotype data on 5 Dutch Red dairy 
breeds, GWH, DF, MRY, Dutch Belted (DB), Deep 
Red (DR), and one Dutch Red beef breed, Improved 
Red (IR). Out of these breeds only MRY has an ac-
tive breeding program, with a recently implemented 
genomic evaluation system (Stoop et al., 2017). In ad-
dition, GWH, DF, DB, DR, and IR are under high risk 
of extinction (CGN, 2019).

MATERIALS AND METHODS

Data

Genotype data on 6 breeds were generated by the 
Centre for Genetic Resources, the Netherlands, and in 
addition genotypes of 59 MRY bulls, belonging to CRV, 
a cattle breeding organization in the Netherlands, were 
added to the data set (Table 1). The majority of in-
dividuals originated from the Netherlands; however, a 
small number also came from Germany, France, Bel-
gium, and the United States. Data included both bulls 
and cows in a 3:1 ratio. Genotyping was performed us-
ing BovineSNP50 BeadChip version 2 and 3 (Illumina 
Inc., San Diego, CA). After combining the different 
genotyping batches, a set of 41,764 markers remained. 
This initial genotype data set was put through quality 
control where only individuals with a call rate >90%, 
markers with call rate >95%, and markers with an al-
lele present at least 3 times in the data set (equivalent 
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to using a minor allele frequency threshold of 0.001) 
were retained. The final genotype data included 39,336 
markers for 1,246 individuals.

Principal component analysis (PCA) was used to 
visualize the relatedness of the different breeds based 
on the genotype data. Principal components were 
computed using calc_grm software (Calus and Van-
denplas, 2016) as a singular value decomposition of a 
genomic relationship matrix computed following the 
first method proposed by VanRaden (2008), using allele 
frequencies computed across the entire data set, where 
principal components are computed using eigenvectors 
and eigenvalues as proposed by Abraham and Inouye 
(2014). In addition, genetic differentiation among the 
breeds was calculated using pairwise FST (Weir and 
Cockerham, 1984) in PLINK v1.9 (Purcell and Chang; 
www​.cog​-genomics​.org/​plink/​1​.9/​).

Estimation of Effective Number of Chromosome 
Segments (Me)

The within population Me was estimated as varia-
tion in genomic relationships between the individuals 
(Hayes et al., 2009; Goddard, 2009; Goddard et al., 
2011). The following equation was used:

	 M
Var G Ae

ij ij

=
−( )

1
, 	 [1]

where Gij is the genomic and Aij is the pedigree rela-
tionship between individual i and j, and the variance is 
taken over all pairs ij in the population. However, for 
all breeds except MRY, pedigrees were not available; 
hence, for those breeds within Me was estimated using 
only variance of genomic relationships (see Discussion). 
So, effectively, the equation used reduced to 

M
Var Ge

ij

=
( )
1

.  Using an adapted version of equation 

1, Me between populations can be estimated as follows 
(Wientjes et al., 2013):

	 M
Var G A

e
pop pop pop popi j i j

=
−( )

1

1 2 1 2

, 	 [2]

where Gpop popi j1 2  is the genomic relationship between 

individual i from population 1 and individual j from 
population 2, and Apop popi j1 2  is the corresponding pedi-

gree relationship, with the variance taken across all 
pairs of individuals from population 1 and 2. Note that 
pedigree relationships across breeds to be used in this 
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formula can be constructed relative to an across-breed 
base (VanRaden, 1992; Legarra et al., 2015). Whether 
or not such an across-breed base or any other arbitrary 
base is used in Apop popi j1 2  likely will hardly affect the 

results, as changing this base effectively results in add-
ing a constant value to all relationships. However, due 
to an absence of pedigrees, for estimation of between 
Me only genomic relationships were used, that is 

M
Var G

e
pop popi j

=
( )

1

1 2

 (see Discussion).

The Me was estimated using calc_grm software (Ca-
lus and Vandenplas, 2016) and an exponential function 
was fitted to adjust G-A values to be on average 0 
across the range of pedigree relationships (Wientjes et 
al., 2016). The matrix G was calculated using the equa-
tion shown above.

In the equation, G11 is a matrix with genomic rela-
tionships in population 1, G22 is a matrix with genomic 
relationships in population 2, whereas G12 and G21 are 
matrices with genomic relationships between popula-
tion 1 and 2 (Wientjes et al., 2016). Z1(Z2) matrix 
contains genotypes for all individuals from population 
1 (population 2) at all loci, centered by subtracting 
twice the allele frequency per locus, and p1k(p2k) is the 
allele frequency of marker k in population 1 (population 
2). Z Z1 2

'  and Z Z2 1
'  are matrices of genetic covariance 

between the genetic values of 2 populations, divided by 
the SDs of the genotypes in each population 
∑ −( )2 11 1p pk k  and ∑ −( )2 12 2p pk k .  These genomic 

relationship matrices were built for all pairwise combi-
nations of breeds.

To predict how valuable individuals from another 
breed are compared with individuals from the selection 
breed, we used the equation of Wientjes (2016), 

n
h
h

M

M
nP

e

e
P, ,

, .2
1
2

2
2 1

1 2

1

=  In this equation, Me1  refers to 

within Me of the selection breed, and Me1 2,
 refers to 

between population Me between selection breed and 
any other (reference) breed; nP,2 is the number of indi-

viduals from another population/breed that can obtain 
the same accuracy as nP,1. The genetic correlations be-
tween breeds were assumed to be 1, and in our calcula-
tions we consider heritabilities from both breeds 
h h1

2 2
2 and ( ) to be equal, such that these drop out of the 

equation.

RESULTS

We performed PCA as a first step to assess the re-
lationships between the breeds. The first 10 principal 
components explained 16.3% of the total variation. The 
first principal component explained 7.29% of total vari-
ance (Figure 1) and indicated separation of DB and 
DF from MRY and DR. In addition, we could observe 
high overlap between MRY, DR, and IR. The second 
principal component explained 3.85% of the total vari-
ance and showed clear separation of GWH from other 
breeds. The next principal components did not provide 
further separation of the breeds (results not shown). 
Genetic differentiation among breeds, measured using 
pairwise FST  (Table 2), confirmed closest relationships 
between DR and IR (0.028), MRY and DR (0.035), 
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Figure 1. Principal component analysis of 6 Dutch cattle breeds: 
Groningen White Headed (GWH), Dutch Friesian (DF), Meuse-Rhine-
Yssel (MRY), Dutch Belted (DB), Deep Red (DR), Improved Red 
(IR).
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and MRY and IR (0.050). Pairwise FST ranged between 
0.028 and 0.110, with high values especially observed 
between GWH and other breeds.

Table 3 presents estimates of within and between 
population Me. Within all breeds Me was low, rang-
ing from 125 to 336 segments. The low values are not 
surprising, given the numerically small size of these 
breeds, and reported Ne values and inbreeding levels 
(Table 1). The highest within Me value of 336 has been 
found for the largest of the breeds, MRY. However IR, 
even though being the smallest of all breeds, had within 
Me of 208, in line with having the lowest inbreeding 
level and relatively high Ne compared with the other 
breeds (Table 1). Estimates of between Me were signifi-
cantly larger than within Me, and ranged from ~3,500 
to ~17,400. Based on these values, the closest relation-
ships were between MRY, DR, and IR. These breeds 
have common (recent) history, as both DR and IR have 
been derived from MRY, by selecting individuals with 
a deeper red color and in IR selection was also oriented 
toward meat production rather than dual purpose. 
Dutch Friesian was most closely related to DB, and vice 
versa. Groningen White Headed was genetically most 
distant from other breeds. These relationships were also 
confirmed by PCA plot and pairwise FST.

Table 4 gives more tangible insight in consistency of 
LD between individuals from different breeds. It shows 
the predicted number of individuals from the reference 
population that are needed to achieve the same im-
provement in accuracy as when using one individual 
from the same breed as selection population. For DR, 
at least 24 and 45 individuals are needed from its clos-
est related breeds MRY and IR, respectively, whereas 
many more are needed from a distantly related breed. 
For smallest breed of all, IR, number of individuals was 
between 32 and 75; for largest breed, MRY, between 
11 and 52 are needed to achieve the same accuracy as 
using one MRY individual in the reference population.

DISCUSSION

We analyzed relatedness between 6 native Dutch 
Red cattle breeds using effective number of chromo-

some segments. Our results show high variability of 
Me, especially between Me, indicating different level 
of relatedness between the breeds, which can be used 
to tailor multibreed reference populations for the con-
sidered breeds. The multibreed reference population 
should be much larger than the available single-breed 
reference population for a predicted breed, since, de-
pending on the breed, between 11 and 133 individuals 
from other breeds are needed to achieve accuracy of 
genomic prediction equivalent to using one additional 
individual from the same breed. Therefore, given the 
variation in size of the breeds in the study, the benefit 
of a multibreed reference population is expected to be 
lower for larger breeds than for smaller ones.

Within Population Me 

For 6 breeds in this study estimated within Me ranged 
between 125 and 336 segments (Table 3). These values 
are lower than those found for numerically much larger 
HF populations where within Me was 1,000 to 2,000 
(Erbe et al., 2013; Wientjes et al., 2016; van den Berg 
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Table 2. Estimated pairwise genome-wide fixation indices (FST)
1

Breed DF DR GWH IR MRY

DB 0.063 0.060 0.110 0.050 0.081
DF   0.070 0.095 0.060 0.077
DR     0.100 0.028 0.035
GWH       0.100 0.100
IR         0.050
1Deep Red (DR), Dutch Belted (DB), Dutch Friesian (DF), Groningen 
White Headed (GWH), Meuse-Rhine-Yssel (MRY), Improved Red 
(IR).

Table 3. Estimates of the effective number of chromosome segments 
(Me) within and between breeds1,2

Breed DR DB DF GWH MRY IR

DR 149          
DB 16,648 125        
DF 14,466 7,956 211      
GWH 17,088 15,972 14,128 153    
MRY 3,541 14,528 15,975 17,387 336  
IR 6,695 15,525 10,932 13,680 8,543 208
1Deep Red (DR), Dutch Belted (DB), Dutch Friesian (DF), Groningen 
White Headed (GWH), Meuse-Rhine-Yssel (MRY), Improved Red 
(IR).
2Within population Me values are on the diagonal; between population 
Me values are off the diagonal.

Table 4. Number of individuals from the reference population needed 
to obtain the same increase in accuracy as one individual from the 
selection population1,2

Selection 
population

Reference population

DR DB DF GWH MRY IR

DR 1 112 97 115 24 45
DB 133 1 64 128 116 124
DF 69 38 1 67 78 52
GWH 112 104 92 1 114 89
MRY 11 43 48 52 1 25
IR 32 75 53 66 41 1
1Deep Red (DR), Dutch Belted (DB), Dutch Friesian (DF), Groningen 
White Headed (GWH), Meuse-Rhine-Yssel (MRY), Improved Red 
(IR).
2For example, to achieve the same increase in accuracy as adding one 
individual from DR, 112 DB individuals are needed, 97 DF, 115 GWH, 
and so on.
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et al., 2019), but similar to those of numerically smaller 
Brown Swiss population, 150 to 400 segments (Erbe et 
al., 2013), and Jersey, 470 segments (van den Berg et 
al., 2019). Because Me is linked to the effective popula-
tion size, it is expected that breeds with lower genetic 
diversity have smaller Me. Based on the calculated LD, 
measured as the squared correlation between the alleles 
at 2 different loci (r2), a recent study estimated Ne for 
several Red cattle breeds, including 6 breeds used here, 
and found lowest values for DB (47) and GWH (62), 
and highest for MRY (90) and DF (99) (Table 1), which 
corresponds to the Me values we found. For all breeds 
except MRY, pedigrees were not available, hence Me 
was estimated using only variation in genomic relation-
ships between the individuals. When pedigree was used, 
within Me for MRY increased from 307 to 677, indicat-
ing the effect of pedigree relationships. Note that out of 
678 MRY individuals 171 did not have pedigree, hence 
these were excluded from the computation. Therefore, 
with and without pedigree comparison was based on 
the remaining 507 individuals. High relationships, such 
as those between full- and half-sibs, parent-offspring, 
and parent-grand offspring, can considerably add to 
the variance across all relationships in the population. 
Subtracting the pedigree from the genomic relation-
ships before computing the variance of the genomic 
relationships (Equation 1) will lead to a lower vari-
ance and, therefore, an increase in the estimated Me. 
The increase in within Me due to considering pedigree 
relationships can be substantial, 2-fold as shown for 
MRY in our study, but even 3- to 4-fold, according to a 
recent simulation study (Marjanovic and Calus, 2020). 
When pedigrees are incomplete or not available, it is 
possible to derive parent-offspring relationships from 
genotypic information, which is done routinely in many 
national databases (Hayes, 2011; McClure et al., 2018), 
or to derive even lower degree relationships, and use 
this to build the pedigree relationship matrix. Although 
absence of pedigree may be an issue for single-breed ge-
nomic prediction, in small breeds, where emphasis is on 
multibreed genomic prediction, between Me is required, 
which is not influenced by pedigree information unless 
recent introgression occurred. The computation of nP,2, 
on the other hand, requires within Me, and therefore 
numbers in the Table 3 may be overestimated. However, 
assuming that the effect of using pedigree is similar for 
all breeds, such that all within Me values are equally 
affected, suggests that the pattern observed in terms of 
which breeds are most closely related stays the same.

The within Me can be estimated using different for-
mulas, such as those that rely on Ne and size of the 
genome (Hayes et al., 2009), or the number of eigen-
values that explain, for example, 98% (EIG98) of the 
variance of the genomic relationship matrix (Misztal, 

2016; Pocrnic et al., 2016), in addition to the approach 
used in our study. The EIG98 approach proved to be 
effective when applied to large data sets (Pocrnic et al., 
2016), but in our case with only 24 to 678 genotypes 
being available per breed, would not give meaningful 
results as the maximum value of EIG98 is by definition 
restricted to be lower than the number of genotypes 
used. Depending on the formula, estimates of Me can 
vary significantly (Wientjes et al., 2013; Brard and 
Ricard, 2015), especially when Ne is used, because 
Ne can be estimated from either pedigree or genomic 
data and different computational methods (Leroy et 
al., 2013; Wang et al., 2016). Computing Me as 2NeL/
ln(4NeL) (Goddard, 2009), assuming a genome size 
(L) of 31.6 Morgan (Ihara et al., 2004) and using Ne 
values reported in Table 1, gave values that were 1.6 
to 3.8 times higher than the Me values reported in 
Table 3 (results not shown). For MRY, the value based 
on this formula was 609, which was reasonably close 
the Me value of 677 computed based on the variance 
of genomic minus pedigree relationships, in line with 
observations of Wientjes et al. (2013). Computing Me 
based on the variance of genomic relationships as in 
our study allows us to consider specific characteristics 
of a population, such as population structure, and in 
addition this approach can be extended to 2 breeds, 
allowing for computation of between Me, necessary to 
predict the accuracy for across-breed genomic predic-
tion (Wientjes et al., 2013). A recent study by van den 
Berg et al. (2019) found that prediction accuracy using 
within Me computed as done in our study resulted in 
overestimation of genomic prediction accuracy. In the 
study by van den Berg et al. (2019) the true within Me 
may have been underestimated due to close relation-
ships among some animals in the reference population, 
which could also be expected in numerically small 
breeds. Thus, although being sensitive to nonrandom 
sampling of genotype data from a population, estimat-
ing Me from the variance of genomic relationships is 
attractive because it is straightforward to compute, 
and it is reasonably robust against using small sample 
sizes as long as these are a proper representation of the 
population (Marjanovic and Calus, 2020).

Between Population Me

Between population Me values ranged from ~3,500 
to ~17,400, with lowest values observed between MRY 
and 2 breeds recently derived from MRY, being DR 
and IR (Table 3). Using similar data as in our study, 
van Breukelen et al. (2019) analyzed genetic distances 
between breeds with a neighbor-joining tree, which re-
vealed that IR and DR bulls had a high mean similar-
ity with MRY bulls, with IR bulls forming a separate 
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cluster in the neighbor-joining tree. Indeed, between 
population Me from our study showed higher related-
ness of MRY with DR (~3,500) than IR (~8,500), also 
confirmed by the PCA plot (Figure 1) and pairwise FST 
values, which could be explained by IR being selected 
for meat production by using Belgian Blue bulls to 
some extent (van Breukelen et al., 2019). For DB the 
lowest between Me was with DF. The high relatedness 
between these breeds has also been observed in our 
PCA plot and in other studies using different measures 
of genetic relatedness (Eding and Meuwissen, 2001; van 
Breukelen et al., 2019), which also suggested that DF 
bulls have been used in the past to upgrade the DB 
breed. The most distant breed was GWH, where be-
tween Me ranged from ~13,700 to ~17,400. In the PCA 
plot GWH also formed a distinct cluster away from 
the other breeds. Similarly, pairwise FST values were 
highest between GWH and all other breeds. Previous 
analysis of GWH showed the lowest level of admixture 
compared with other Dutch Red cattle breeds (van 
Breukelen et al., 2019). In general, between Me followed 
the pattern of genetic relatedness estimated with alter-
native methods, which is a further confirmation that 
between Me can be used as an indicator to select breeds 
suitable for a multibreed reference population.

The between Me value was between 10× and 100× 
larger than within Me, which is not surprising as LD 
structure, upon which Me is dependent, is at least partly 
different between different breeds (de Roos et al., 2008; 
Larmer et al., 2014; Wientjes et al., 2015). This also il-
lustrates challenges of across-breed genomic prediction, 
since to predict the GEBV of individuals from a certain 
population, effects of all independent segments need to 
be estimated (Meuwissen et al., 2013; Wientjes et al., 
2016). The accuracy of genomic prediction increases as 
the number of segments decreases (Daetwyler et al., 
2008). In a study on GWH, HF, and MRY, Me be-
tween HF and MRY was 24,000 and between GWH 
and HF 18,000, approximately 10× higher than within 
Me (Wientjes et al., 2015). Another study found Me 
of ~15,400 between HF and Jersey, and ~18,400 be-
tween HF and Austrian Red, which is 15 to 32× higher 
than within Me of these breeds (van den Berg et al., 
2019). It has been speculated previously that Me of 
about 20,000 could be used to predict the accuracy 
of across-breed genomic prediction for closely related 
breeds (Wientjes et al., 2015), which is higher than 
values found in our study. Hence, potentially all breeds 
in this study could be included in the reference popula-
tion for each of the breeds. When there has been high 
exchange of genetic material in the past, the increase 
in reliabilities of GEBV can be substantial as shown on 
the example of Nordic Red cattle breeds (Brøndum et 
al., 2011; Heringstad et al., 2011; Zhou et al., 2014). For 

breeds with weaker relationships, such as the frequently 
studied HF and Jersey, usually little improvement has 
been observed in accuracies of GEBV when breeds were 
combined together, except for small breeds when either 
higher SNP density are analyzed with Bayesian meth-
ods (Erbe et al., 2012; Calus et al., 2018) or a model 
component is added to model SNPs selected from se-
quence data (Raymond et al., 2018). It is clear from 
our results that 2 clusters can be identified among the 
Dutch Red breeds, one formed by MRY, DR, and IR, 
and another comprising DF and DB. Given the number 
of genotyped individuals (Table 1), MRY would benefit 
very little from inclusion of IR and DR in the reference 
population, but the opposite is the case for DR where 
adding MRY would substantially increase the refer-
ence population (Table 3). Similarly, for the smaller 
DB breed, adding DF individuals could be beneficial, 
assuming more individuals are genotyped in the future. 
Based on the relatedness between breeds within those 2 
clusters there appears to be potential for across-breed 
genomic prediction, however this is still limited by the 
current number of genotyped individuals. Future efforts 
should be focused on increasing number of genotyped 
individuals of breeds within the clusters, where combin-
ing their reference populations may be beneficial when 
using a standard 50k SNP panel, whereas for combining 
breeds outside the cluster a higher SNP density may be 
needed.

In this study we did not consider larger mainstream 
breeds, although they may also be added to the refer-
ence population (e.g., HF for selection of DF, as these 2 
breeds evolved from a common population). Increasing 
the size of the reference population with a larger breed 
will lead to a reference population being dominated 
by one breed and consequently reliability to predict 
the other breed may be reduced (van den Berg et al., 
2020). To overcome this, a subset of the breed or mod-
eling the same trait in different breeds as correlated 
traits in a multitrait model could be used (van den 
Berg et al., 2020). Nevertheless, the implication may be 
that the small breed is selected in the direction of the 
mainstream breed, making them more alike, instead of 
preserving the uniqueness of the small breed.

CONCLUSIONS

Within and between Me of 6 analyzed Dutch Red 
cattle breeds showed high variability, indicating differ-
ent levels of relatedness between the breeds, which can 
be used to tailor multibreed reference populations for 
each of those breeds. Based on our results, 2 clusters 
are especially important, one formed by MRY, DR, and 
IR, and the other comprising DF and DB. Although re-
latedness between breeds within each of these 2 clusters 
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is high, across-breed genomic prediction is still limited 
by the current number of genotyped individuals, which 
for many breeds is low. In particular, adding MRY 
individuals would increase the reference population of 
DR substantially. Future efforts should be focused on 
increasing number of genotyped individuals of breeds 
within the clusters.
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