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ABSTRACT: Dense genotypes at single-nucleotide 
polymorphisms (SNPs) have been widely applied in animal 
and plant breeding for predicting genetic merit for 
selection. Genomic best linear unbiased prediction and 
Bayesian linear regression models implicitly utilize 
cosegregation in addition to linkage disequilibrium (LD) 
between SNPs and causal variants. However, implicitly 
modeling cosegregation may not be sufficient to capture 
cosegregation information when the training set consists of 
multiple families or generations. Thus, a QTL model was 
proposed to explicitly account for both cosegregation and 
LD and evaluated with multiple families in the presence of 
either cosegregation, LD, or both. Results suggested that 
when cosegregation is the main source of genetic 
information in a quantitative trait, explicitly modeling 
cosegregation could result in substantially higher accuracy 
of genomic prediction within family, especially training 
with many families.  
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INTRODUCTION 
Dense genotypes at single-nucleotide 

polymorphisms (SNPs) covering the whole genome have 
been widely applied in animal and plant breeding for 
predicting genetic merit for selection. Genomic best linear 
unbiased prediction (GBLUP) and Bayesian linear 
regression models are popular methods to predict individual 
breeding values by exploiting linkage disequilibrium (LD) 
between SNPs and quantitative trait loci (QTL). Recently, it 
has been proven and quantified that cosegregation between 
SNPs and QTL is implicitly captured in GBLUP (Habier et 
al., 2013). This is because, even in the absence of LD, 
genetic covariances between individuals at QTL can be 
explained by the sharing of SNP genotypes between 
individuals due to cosegregation. Like GBLUP, Bayesian 
linear regression models also implicitly utilize 
cosegregation. For example, BayesC (Kizilkaya et al., 
2010) can be written as an equivalent model as GBLUP, 
and BayesA or BayesB (Meuwissen et al., 2001) can be 
regarded as a weighted-GBLUP with different weights 
added to the diagonal of so-called genomic relationship 
matrix in GBLUP. 

Implicitly modeling cosegregation may not be 
sufficient to capture cosegregation information when the 
training set consists of multiple families or generations. 
Habier et al. (2013) showed that, in the absence of LD in 
founders, a substantial decay of accuracy within family was 
observed when GBLUP model was trained with many 
independent families or was trained in one generation prior 
to the validation set. With limited number of markers, 
covariances between independent families calculated from 

SNP genotypes will not exactly be zero. These nonzero 
values dilute the signal from cosegregation within families. 
Furthermore, when the training set consists of multiple 
generations, due to recombination between QTL and 
surrounding SNPs, it is even more difficult to capture 
cosegregation implicitly. For such structured training sets, it 
is expected that modeling cosegregation explicitly will 
increase the accuracy of genomic prediction. 

The objective of this study is to investigate any 
advantage of explicitly modeling both LD and 
cosegregation for genomic prediction within family. Results 
are shown based on computer simulations. 

 
METHODS 

A QTL model is developed based on the mixture 
genetic model (Habier et al., 2010) to explicitly account for 
both LD and cosegregation information: 

 
where y is the vector of trait phenotypes, μ is the overall 
mean, Q is the matrix of unobservable genotype scores 
coded as 0, 1, or 2 copies of a given allele for each putative 
QTL position, a is the vector of random substitution effects 
at QTL alleles, and e is the vector of residual effects.  

In this model, a trait phenotype is fitted to a 
mixture of linear models at the unobservable QTL 
genotypes, where the mixing probabilities are the 
probabilities of genotype scores at the QTL. Furthermore, 
the probability of the genotype at QTL j for individual i can 
be broken down into probabilities of QTL allele states in 
the paternal ��  and maternal ��  gametes. For example, 
Pr(��� = 2) = Pr(���

� = 1) Pr(���
� = 1) , where 

Pr(���
� ) , � = {�,�}  is estimated conditional on the 

flanking marker haplotypes and trait phenotypes, 
incorporating both LD and cosegregation information. 
Information from LD is incorporated by modeling gene 
frequencies of the QTL alleles in founders conditional on 
their flanking marker haplotypes. Let ���

�  denote the row 
vector of allele states for a group of markers surrounding 
the QTL in gamete x of founder f, and �� denote the gene 
frequency for QTL j conditional on ���

� . A generalized 
linear model with a logistic link function is used to model 
the gene frequency based on the flanking marker haplotype: 

 

and βs are marker effects on the gene frequency. 
Information from cosegregation is incorporated by 
transmitting QTL alleles to non-founders with probabilities 
of descent of QTL alleles (PDQs) calculated from marker 
haplotypes. Therefore, allele states and origins of markers 
must be known. A number of methods have been proposed 



to impute the phase of SNP genotypes that use information 
from either cosegregation (Habier et al., 2009), LD (Scheet 
and Stephens, 2006; Kong et al., 2008; Browning and 
Browning, 2011), or both LD and cosegregation 
(Meuwissen and Goddard, 2010; Habier et al., 2010). 

A putative QTL position is assumed in the middle 
of each chromosomal segment between adjacent SNPs. The 
number of QTL affecting the trait is considered as unknown 
with a binomial distribution with parameter n = number of 
chromosomal segments and p specified, e.g. p=0.05 in this 
study. The prior for QTL effects is a normal distribution 
with mean zero and unknown variance, which follows a 
scaled inverse Chi-squared distribution. This prior is 
equivalent to that for SNP effects in BayesC, which is a 
mixture of a normal and zero. Thus, BayesC was chosen to 
compare with the QTL model in this study. 

Inference of parameters was drawn from a Markov 
chain constructed to have the posterior as its stationary 
distribution. The length of Markov chain was 41,000 
iterations with the first 1,000 iterations discarded as burn-
in. Accuracy of prediction did not change after 20,000 
iterations. 

 
SIMULATIONS 

The aim was to investigate genomic prediction 
within family with both LD and cosegregation explicitly 
modeled in the presence of either LD, cosegregation, or 
both. A top-cross design with corn genome structure was 
adopted from Habier et al. (2013) because the presence of 
doubled haploids in corn breeding pedigree largely 
simplified the calculation of PDQs, as haplotype phases are 
not needed. 

Ten corn chromosomes with 55,843 SNPs were 
used to simulate the genome. To create short-range LD 
between SNPs by genetic drift, random mating in a 
population of 1,500 individuals was simulated for 1,000 
discrete generations. The allele frequency was 0.5 at the 
start of the simulation, and the mutation rate was set to 2.5 
× 10-5. Crossovers on a chromosome were modeled using a 
binomial distribution with mean of one per morgan. In 
generation 1,001, the population was reduced to 100 

individuals and underwent another 15 discrete generations 
of random mating to create long-range LD. The population 
was then expanded to 10,000 individuals and randomly 
mated for another 3 discrete generations to eliminate 
pedigree relationship between founders of pedigree. In 
generation 1,018, 10,100 SNPs with minor allele 
frequencies > 0.05 were selected at random from the panel, 
among which 100 SNPs were randomly chosen to be QTL. 
For the cosegregation-only scenario, the QTL genotypes 
were resampled to break the LD between QTL and SNPs. 
The QTL effects were sampled from a standard normal and 
then scaled to have the genetic variance equal to one. The 
phenotype was simulated with an aggregation of QTL 
effects in addition to a standard normal deviate such that the 
heritability was 0.5 in generation 1,018. 

Founders of pedigree were randomly sampled 
from generation 1,018. The pedigree consisted of either 1, 
15, 60, or 120 families. For the scenarios cosegregation-
only and LD & cosegregation, each family had 60 doubled 
haploids that descended from two inbred parents. Then, 
each doubled haploid was crossed to a single inbred tester 
across all families to generate a hybrid. In each family, 30 
hybrids were used for training and 30 for validation. In the 
LD-only scenario, the 30 hybrids used for training and the 
30 hybrids for validation were the offspring from two 
unrelated pairs of inbred parents. Thus, training and 
validation sets were unrelated such that cosegregation did 
not contribute to prediction in this scenario. 

 
RESULTS 

Accuracies of genomic prediction within family 
with increasing number of families are shown in Figure 1 
for LD-only scenario, in Figure 2 for cosegregation-only 
scenario, and in Figure 3 for LD & cosegregation scenario. 
Results are correlations between true and estimated 
breeding values averaged across families and 30 replicates 
with confidence intervals indicated by capped bars. The 
significance of differences between methods was calculated 
based on paired t-tests rather than these confidence 
intervals. 

Figure 2: Accuracy of genomic prediction within family for 
cosegregation-only scenario. 
 

 
Figure 1: Accuracy of genomic prediction within family for 
LD-only scenario. 
 



In LD-only scenario (Figure 1), accuracies 
increased as training set size increased. When training set 
consisted of 60 families or more, accuracies from the QTL 
model and BayesC were significantly higher than those 
from GBLUP. There was no significant difference between 
the accuracies from the QTL model and BayesC. 

In cosegregation-only scenario (Figure 2), 
accuracies from GBLUP and BayesC substantially 
decreased as training set size increased. The accuracies 
from the QTL model were persistent and significantly 
higher than those from the alternative methods when the 
number of families was 15 or more. BayesC was 
significantly inferior to GBLUP with 120 families. 

In LD & cosegregation scenario (Figure 3), 
accuracies increased in a similar manner as in LD-only 
scenario. The QTL model did not outperform GBLUP until 
the number of families increased to 60 or more. Accuracies 
from BayesC were significantly higher than those from the 
QTL model, although the differences were not substantial. 

 
DISCUSSION 

Significant advantages of explicitly modeling 
cosegregation were detected in the absence of LD in 
founders. Such advantages increased as more independent 
families were included for training. When only one single 
family was used for training, implicitly modeling 
cosegregation is good enough to capture this information, 
as noise only exists between families. Thus, as observed, 
accuracies from different methods are expected to be about 
the same. For GBLUP and BayesC, where cosegregation is 
not explicitly modeled, this accuracy is expected to be the 
upper bound in the cosegregation-only scenario given a 
constant family size. BayesC became significantly worse  

than GBLUP with 120 families because many markers were 
needed to jointly capture cosegregation yet only about 500 
markers were fitted in BayesC due to variable selection. 
Because all markers were used to compute the PDQs, the 
QTL model captured cosegregation successfully with only 
about 500 QTL. Results from LD-only scenario showed 
that LD in founders was accommodated in the QTL model 
as well as in BayesC. However, when LD and 
cosegregation were both present, the QTL model was not 
better than BayesC. A possible reason is that the 
contribution from cosegregation was negligible relative to 
that from LD. As a result, the accuracies were primarily 
driven by LD. Therefore, even with 120 families, accuracy 
from BayesC was still substantially higher than that from 
GBLUP. However, this may not be true in an unbalanced 
design, where the family size is not constant, or in a case 
where training set includes multiple generations in addition 
to families.  

 
CONCLUSION 

When cosegregation is the main source of genetic 
information in a quantitative trait, explicitly modeling 
cosegregation can result in substantially higher accuracy of 
genomic prediction within family, especially training with 
many families. When cosegregation is not important, there 
is no need to explicitly model cosegregation for genomic 
prediction.   

 
ACKNOWLEDGEMENT 

This work was supported by the US Department of 
Agriculture, Agriculture and Food Research Initiative 
National Institute of Food and Agriculture Competitive 
grant no. 2012-67015-19420 and by National Institutes of 
Health grant R01GM099992. 

 
LITERATURE CITED 

Browning, B.L., and Browning, S.R. (2011). Am. J. Hum. 
Genet. 86:526–539. 

Habier, D., Fernando, R.L., Garrick, D.J. (2009). Proc. 9th 
World Congress on Genet. Appl. Livest. Prod. 9:915. 

Habier, D., Totir, L.R., and Fernando, R.L. (2010). 
Genetics. 185:655–670. 

Habier, D., Fernando, R.L., and Garrick, D.J. (2013). 
Genetics. 194:597–607. 

Kizilkaya, K., Fernando, R.L., and Garrick, D.J. (2010). J. 
Anim. Sci. 88:544–551. 

Kong, A., Masson, G., Frigge, M.L., et al. (2008). Nat. 
Genet. 40:1068–1075. 

Meuwissen, T.H., Hayes, B.J., and Goddard, M.E. (2001). 
Genetics, 157:1819–1829. 

Meuwissen, T.H., and Goddard, M.E. (2010). Genetics. 
185:1441–1449. 

Scheet, P., and Stephens, M. (2006). Am. J. Hum. Genet. 
78:629–644. 

 
Figure 3: Accuracy of genomic prediction within family for 
LD and cosegregation scenario. 
 


