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Introduction 

There is interest in understanding how the structure of the genomic relationship matrix (GRM) 

constructed under different allele frequencies influences the prediction of breeding values in a 

multiline setting. Breeding populations typically include genotyped and ungenotyped animals, 

leading to the practice of combining pedigree-based and genomic-based relationship matrices 

in single-step genomic BLUP (ssGBLUP) (Christensen and Lund 2010). A common issue that 

arises in applications of ssGBLUP is ensuring the “compatibility” between the pedigree-based 

numerator relationship matrix (NRM) and genomic-based relationship matrices (Christensen 

2012). Ideally, the allele frequencies of the founder population should be used in the GRM so 

that it shares a common reference point with the NRM otherwise estimates may be biased. This 

has led some authors to investigate methods for adjusting the GRM to align it with the NRM 

when the current population’s observed allele frequencies are used (Vitezica et al. 2011) or for 

estimating base frequencies from the current population (Aldridge et al. 2019). The aim of this 

paper is to investigate the effect of using different allele frequencies on the structure and 

statistics of GRMs and its compatibility with the NRM in a multiline setting. Furthermore, 

effects of these GRMs on GBLUP analyses in terms of the correlation and fit of estimated 

breeding values with true breeding values and model accuracies in a multiline setting are also 

considered. 

 

Materials & Methods 
Dataset. Three divergent populations or lines of animals, their genotypes, and an arbitrary 

phenotype were simulated using QMSim (Sargolzaei and Schenkel 2009). From a common 

founder population of 900 animals consisting of 100 males and 800 females (sampled from a 

historical population of 8100 individuals simulated over 4000 generations), three isolated 

selection lines were simulated producing three distinct lines or subpopulations hereinafter 

referred to as Pops 1, 2, and 3; these populations include their common set of founder animals. 

Each generation was culled down to 100 males and 800 females (900 individuals per 

generation) based on pedigree BLUP EBVs and mated based on different strategies. Pop 1 was 

simulated for 15 generations and mated to minimise inbreeding; Pop 2 was simulated for 25 

generations and mated to maximise inbreeding; and Pop 3 was simulated for 30 generations 

and mated randomly. A panel of 50,000 biallelic SNP markers and 750 QTL (minor allele 

frequency ≥ 0.02) was selected from segregating loci over 29 chromosomes, which followed a 

recurrent mutation rate of 0.0001. QTL effects were sampled from a gamma distribution (shape 

0.4) and scaled to achieve heritability of 0.3, with phenotypes simulated as the sum of additive 

QTL effects and environmental effects (phenotypic variance = 1.0) and true breeding values 

(TBVs) derived as the sum of QTL effects. 

 

GRM construction. Genomic relationship matrices were constructed based on the first method 

of (VanRaden 2008): 
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where 𝐆 is the GRM, 𝐙 is the matrix of markers with 𝑚 SNPs, and 𝑝𝑖 is the allele frequency of 

the 𝑖-th SNP. Different GRMs were constructed within subpopulations and the combined 

population by using a set of different strategies for deriving 𝑝𝑖. The strategies used to derive 

allele frequencies include: “base” which uses allele frequencies calculated from the founder 

animals, “fixed 0.5” which uses frequencies fixed at 0.5, and “observed combined” which uses 

allele frequencies calculated from all genotyped animals in the combined population. For the 

combined population, “observed phenotyped” uses allele frequencies of the phenotyped 

animals, and for each subpopulation, “observed within” uses allele frequencies calculated over 

all genotyped animals within that subpopulation. 

 

GBLUPs. A GBLUP was used to obtain estimated breeding values (EBVs) within 

subpopulations and within the combined population using each of the different GRMs 

constructed. In the combined setting, EBVs were fitted with all animals containing phenotypes, 

as well as an additional situation per subpopulation where only one subpopulation had 

phenotype records and the remaining two were left without phenotype records. EBVs were 

fitted against TBVs via linear regression to obtain the intercept and slope parameters and 

correlation for validation and comparison. Model accuracies were computed using Eq.2: 

 𝑎𝑐𝑐𝑖 = √1 −
𝑃𝐸𝑉𝑖

𝜎𝑎
2𝐆𝑖𝑖

         (2) 

where 𝑃𝐸𝑉𝑖 is the prediction error variance of animal 𝑖, derived from the mixed model 

equations, 𝜎𝑎
2 is the additive genetic variance, and 𝐆𝑖𝑖 is the diagonal term of the GRM 

corresponding to animal 𝑖. 
 

Results & Discussion 

Comparison of GRMs. In general, means for observed and base GRMs followed expectations, 

as observed for Pop 1 in Table 1 and the combined population in Table 2 (the combined 

population means inherit inbreeding from Pop 2) and fixed 0.5 GRMs produced larger values 

because their reference point, an idealised population where allele frequencies are 0.5, is distant 

compared to the mean of the recorded population for the observed frequencies, and the 

founders for the base frequencies. 

 

Table 1. GRM means for Pop 1. 

 Observed 

within 

Observed 

combined 

Base Fixed 0.5 

Diagonal 0.995 1.025 1.006 1.276 

Within generation 0.000 0.031 0.025 0.558 

Parent-progeny 0.489 0.521 0.510 0.913 

 

Table 2. GRM means for the combined population. 

 Observed Base Fixed 0.5 

Diagonal 1.126 1.136 1.369 

Within generation 0.001 0.033 0.562 

Parent-progeny 0.691 0.709 1.056 

 

Fig. 1 illustrates the difference in structure between GRMs; observed within frequencies 

produced GRMs that exhibit a pronounced “saddle” shape along the diagonal whereas base 

and fixed 0.5 frequencies produced monotonically increasing values; the latter aligns more 
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closely with the pattern seen in pedigree-based relationship matrices and while the former 

contradicts this usual pattern. 

 
Figure 1. Blockwise means of GRMs by generation. 

 

Fitted EBVs and accuracies. In general, EBVs were strongly correlated with TBVs within 

subpopulations and in the combined population. In Fig.2, within the combined population with 

all phenotypes, this correlation was nearly the same (0.98), with slopes close to one. The EBVs 

for observed combined frequencies were biased with an intercept of -2.717, while base and 

fixed 0.5 frequencies did not show this bias. With phenotypes taken only from a single 

population, for example, Pop 3 (Fig.2), correlations of 0.781 to 0.798 were observed with base, 

fixed 0.5, and phenotyped observed frequencies. Slopes of 0.772 to 0.825 were seen with base, 

fixed 0.5, and phenotyped frequencies. Observed phenotyped EBVs were biased with an 

intercept of -3.203, whilst base and fixed 0.5 frequencies EBVs observed did not show this 

bias. Observed combined produced highly uncorrelated (0.027) EBVs for unphenotyped 

records with a slope of 0.074, displaying a clear difference between subpopulation predictions 

when phenotypes are missing compared to the other GRMs. Model accuracies were again 

higher for fixed 0.5 than other strategies, including for unphenotyped records. In all 

configurations, the mean squared errors of EBVs and PEVs between base and fixed 0.5 

frequencies were no more than 0.06 and close to zero, respectively, suggesting that they 

produced similar EBVs despite higher reported model accuracies from fixed 0.5. 

Based on the dataset and configurations used, there are clearly disadvantages to using observed 

(combined or phenotyped) allele frequencies. Their GRMs are arguably incompatible with 

pedigree-based matrices due to their difference in shape, and their GBLUP EBVs show either 

bias or poor correlation with respect to TBVs. The use of base allele frequencies, in line with 

expectations, produced the most pedigree-compatible GRMs in terms of shape and inbreeding 

values, and EBVs that were equally best with fixed 0.5 in terms of bias and correlation with 

TBVs. Fixed 0.5 frequencies produced GRMs with the right shape but increased inbreeding 

values; in terms of GBLUP EBVs, these estimates matched base allele frequencies. Despite 

producing similar estimates, fixed 0.5 GBLUPs reported higher model accuracies; this only 

reflects the model’s higher confidence in its EBVs given the difference in the GRM’s reference 

point, rather than any difference in EBV and TBV correlation or mean error. Therefore, fixed 

0.5 allele frequencies are a strong candidate for genomic modelling given their GRM shape 
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and EBVs over multiple selection lines and ease of use versus estimating base allele 

frequencies, but the increase in inbreeding values with respect to base allele frequencies 

warrant attention especially when blending with other relationship matrices as in ssGBLUP 

and when reporting accuracies. 

 

.   

Figure 2. Left: plot of TBVs versus EBVs for the combined population with all phenotypes. 

Right: plot of TBVs versus EBVs for the combined population with phenotypes from Pop 3. 

The red line follows the ideal EBV = TBV trend, linear regression statistics are displayed, and 

observations are coloured by the model accuracy of their EBV. (black = 0.0, yellow = 1.0). 

 

Conclusions 

We found that within a multiline setting, the choice of allele frequencies used for genomic 

estimating of breeding values significantly influences the statistics and shape of GRMs and the 

output of GBLUPs. Observed frequencies (combined and over phenotyped populations) 

produced GRMs with shapes that were incompatible with pedigree-based matrices, and EBVs 

that were either biased with respect to TBVs or were poorly correlated. Base allele frequencies 

performed as expected by producing GRMs compatible with the pedigree-based NRM and 

unbiased, correlated (with respect to TBVs) EBVs that were matched by fixed 0.5 allele 

frequencies; the latter however produced higher inbreeding values with respect to base 

frequencies, and higher model accuracies despite producing similar EBVs to base frequencies. 

Given the appropriate compatibility with the NRM and goodness of fit, fixed 0.5 frequencies 

are a strong candidate for use in multiline genomic modelling and single-step applications, but 

its shortcomings (higher inbreeding, model accuracies) require consideration and 

transformation in certain applications, whereas observed frequencies produce incompatible 

GRMs, biased EBVs, and poor fits especially when phenotypes are missing. 
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