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Summary
Our aim was to define a multi-population genomic relationship matrix to estimate genetic
correlations between populations. We propose a genomic relationship matrix (G_New) where
relationships represent the correlations between genotypes of individuals. Using simulations,
we validated that G_New unbiasedly estimated current genetic variances and correlations
when causal loci were used to calculate the relationships. When markers and causal loci both
have different allele frequencies across populations, genetic variances and correlations were
accurately estimated using markers, even when linkage disequilibrium patterns were different
between the populations. When markers had similar allele frequencies and causal loci
different allele frequencies across populations, genetic variances were slightly overestimated
(~4%) and genetic correlations underestimated (~31%). We showed that an unbiased
estimation of the genetic correlation between populations depends on the scaling of the
relationships and that the difference in allele frequencies of causal loci across populations
should be represented by the markers. Moreover, we showed that all loci should be included
to calculate relationships, including the ones segregating in only one population.
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Introduction
For estimating genetic (co)variances, relationships between animals are needed. Those
relationships are expressed relative to a base population which typically consists of on
average unrelated animals with average self-relationships of 1. The choice of base population
affects the genetic variance estimates (Legarra, 2016). Genomic data enables the calculation
of relationships between individuals from different populations. Such relationships can be
used to estimate genetic correlations between populations with a multi-trait model, by treating
the same trait in different populations as a different trait (Karoui et al., 2012). Different
methods have been proposed to calculate relationships across populations (e.g. Erbe et al.,
2012; Chen et al., 2013), which may result in different estimates of the genetic correlation.
The objective of this study was to define a multi-population genomic relationship
matrix to unbiasedly estimate genetic correlations between populations.

Theory
In a mixed model, the covariance between breeding values of individual i from population 1
and j from population 2 is

, where gij is the relationship between i and j,
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and
are the genetic standard deviations within population 1 and 2, and
and
the genetic covariance and correlation between 1 and 2. In this expression, gij represents the
correlation between genotypes of i and j, defined as

, where

is the

covariance between genotypes of i and j, and
and
the variances of genotypes within
population 1 and 2. Hence, this suggests the following relationship matrix:

(1)
where Z1 and Z2 contain centered genotypes of all individuals from population 1 and 2, and
p1k and p2k are the allele frequencies for locus k in population 1 and 2. Centered genotypes can
be calculated per population as, e.g., x1ik – 2p1k , where x1ik is the genotype of locus k for
individual i from population 1 coded as 0, 1 and 2. Loci segregating in at least one of the
populations can be included in G_New. See Wientjes et al. (2017) for more details.

Simulations
Simulations were used to validate G_New, either using causal loci to test the definition of the
relationships, or using markers to test practical applications. Two populations (with 10
chromosomes of 1 Morgan) that were split for 50 generations and differed in linkage
disequilibrium (LD) patterns were simulated with QMSim (Sargolzaei and Schenkel, 2009).
In generation 50, 2000 causal loci and three marker panels were selected from loci
segregating in at least one population (High density (HD): 200 000 markers, Low density
(LD): 20 000 markers, Very low density (VLD): 2000 markers). The marker panels
represented differences in consistency of LD between markers and causal loci across
populations.
Causal loci and markers were selected using two approaches: 1) having similar allele
frequencies (|p1k - p2k| < 0.14 and |p1k(1-p1k) - p2k(1- p2k)|/(
frequencies (|p1k - p2k| > 0.14 or |p1k(1-p1k) - p2k(1- p2k)|/(

(1-

)) < 2), or 2) different allele

(1-

)) > 1) across populations,

where
= (p1k+p2k)/2. Allele frequency distribution was U-shaped for causal loci and
uniform for markers. Allele substitution effects were sampled from a bivariate normal
distribution using a correlation of 1, 0.8, 0.6, 0.4, 0.2 or 0 between the populations. The
heritability was 0.3 and 50 replicates were used.
Genetic variances and the genetic correlation between populations were estimated using
bivariate GREML and three G matrices: G_New (Equation 1), G_Chen (Chen et al., 2013),
and G_Erbe (Erbe et al., 2012). The key difference between G_Chen and G_New was the
scaling factor of the block across populations, being
in
G_Chen. In G_Erbe, the base population was set at the time when the populations separated.
Moreover G_Erbe regresses G to the pedigree relationship matrix. A different base
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population is known to affect the genetic variance estimate, but not the genetic correlation
estimate. Both G_Chen and G_Erbe included only the loci segregating in both populations.

Results and discussion
Results are shown only for a genetic correlation of 0.8. Results for other correlations were
similar.
Genetic variances were accurately estimated using G_New and G_Chen (Table 1).
Estimated variances of both methods were similar, which was expected because within
population relationships were scaled in the same way. Since causal loci had different allele
frequencies across populations, estimates were less biased when allele frequencies of markers
were also different across populations compared to when they were similar. G_Erbe estimated
the genetic variance in a base population back in time and, therefore, yielded an estimate
higher than the current variance.
Table 1. Average deviation of estimated variance from the simulated current variance (in %)
when causal loci have different allele frequencies across populations.
Populations have similar allele frequencies of
markers

Populations have different allele frequencies of
markers

G_New

G_Chen

G_Erbe

G_New

G_Chen

G_Erbe

Pop. 1 Pop. 2

Pop. 1 Pop. 2

Pop. 1 Pop. 2

Pop. 1 Pop. 2

Pop. 1 Pop. 2

Pop. 1 Pop. 2

Causal loci

2.7%

3.9%

2.0%

2.6%

10.5% 11.1%

2.1%

2.4%

0.8%

0.7%

9.0%

HD markers

6.3%

4.9%

6.2%

4.9%

7.1%

5.8%

3.3%

3.0%

2.8%

2.2%

11.5% 10.9%

8.8%

LD markers

5.7%

4.5%

5.7%

4.5%

7.0%

5.9%

3.0%

3.0%

2.4%

2.1%

11.8%

VLD markers

1.4%

0.2%

1.3%

0.1%

6.5%

6.3%

1.5%

1.4%

0.4%

-0.1%

14.7% 13.8%

11.4%

Using causal loci G_New unbiasedly estimated the genetic correlation (Figure 1),
which is in contrast to G_Chen and G_Erbe which underestimated the genetic correlation (by
~8%). When markers had similar allele frequencies and causal loci different allele frequencies
across populations, the genetic correlation was severely underestimated (by ~31%) using
marker information with all three G matrices (Figure 1A). Genetic variance estimates were
less biased, so the biased genetic correlations were mainly a result of biased covariance
estimates.

Figure 1. Estimated genetic correlation when causal loci have different allele frequencies,
and markers either A. similar, or B. different allele frequencies across populations.
When markers and causal loci both had different allele frequencies across populations,
G_New accurately estimated the genetic correlation with marker information (Figure 1B).
Only when VLD markers where used, the genetic correlation was underestimated (by ~12%).
G_Chen and G_Erbe underestimated the genetic correlation using all marker densities (by
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~13%). Only when VLD markers were used, G_Erbe showed less bias than G_New. This is
probably due to the regression of G towards the pedigree relationship matrix in G_Erbe,
which is important with few markers.
The underestimation of the genetic correlation by G_Chen and G_Erbe is due to two
factors; 1) the scaling of the genomic relationships, and 2) the removal of loci segregating in
only one population. When population-specific loci were included in G_Chen, the bias was
reduced, but was still higher than with G_New (not shown).
A lower marker density represented a lower consistency in LD between markers and
causal loci across populations. Our results show that marker density, and therefore
consistency in LD across populations, does not affect the estimated genetic correlation. With
VLD markers, however, the estimated genetic correlation was generally slightly lower, which
is probably because the number of markers was too low to capture all genetic (co)variance.

Conclusion
G_New based on causal loci unbiasedly estimated the genetic correlation between
populations. We showed that an unbiased estimation of the genetic correlation between
populations depends on the scaling of the relationships and that all loci should be included in
G, including the ones segregating in only one population. Moreover, genetic correlations
were accurately estimated using markers to calculate G_New, even when LD patterns were
different between the populations, provided that the difference in allele frequencies of causal
loci across populations was represented by the markers.
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