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Introduction 
 

In 1939, Sewall Wright asked “Suppose that we 
were given a reasonably complete map of all of the 
chromosomes, showing the location of all important genes 
affecting the character in question as well as of convenient 
marker genes. What could we do with it?” Wright suggested 
that such a map could be used to manipulate simple 
characters such as coat color but was uncertain as to 
whether the manipulation of individual genes for complex 
traits would ever be practicable. For most of the last 75 
years, it has not been possible to directly test and 
manipulate individual genes underlying complex traits in 
livestock populations. This has primarily been due to 
technology limitations and the fact that there are relatively 
few “important” genes or genes of large-effect underlying 
variation in quantitative traits (e.g., Cole et al. 2009). 
Mutations of very large effect such as those in DGAT1 
affecting milk composition (Grisart et al. 2002) and MSTN 
affecting musculature (Grobet et al. 1997) are the exception 
and since the affected phenotypes are under strong 
selection, the desirable alleles are already usually at high 
frequency in most populations. Typically, however, there 
are relatively few QTL that explain more that 1% of the 
additive genetic variation (VA) in the majority of 
quantitative traits (e.g., Saatchi et al. 2014a,b) and while 
their identities are generally unknown, convenient markers 
are available through the recent development of high-
density single nucleotide polymorphism (SNP) assays (e.g., 
Matukumalli et al. 2009). In fact, Genomic Selection (GS; 
Meuwissen et al. 2001) is exactly what we would do with a 
genome-wide set of convenient marker genes evenly 
distributed throughout the genome to implement genetic 
improvement in livestock. Because we currently have a 
draft genome assembly for cattle (The Bovine Genome 
Sequencing and Analysis Consortium 2009), we even know 
the relationship between markers and the majority of genes 
– just not those for which there are variants that underlie VA 
in individual traits. Because of this, GS is population 
specific and models to predict molecular breeding values 
developed in one breed do not have utility in other breeds 
(Kachman et al. 2013; Taylor 2014). Consequently, GS is 
perfectly suited to the world’s dairy industries which are 
primarily driven by a single breed of high-value individuals, 
production data are routinely captured and models retrained 
to maximize the accuracy of selection in young animals and 
the cost of genotyping is defrayed among many progeny via 
the high use of artificial insemination. Conversely, GS is 
problematic in populations represented by many breeds or 
in which the cost of genotyping is substantial relative the 
value of individual animals or the small progeny groups 
produced by natural mating. Moreover, GS is not ideally 
suited to the improvement of traits such as disease 

resistance or feed efficiency in cattle since these traits are 
not routinely recorded within the beef or dairy industries. 
As a consequence, molecular breeding values developed for 
these traits will decline in accuracy with time as selection 
candidates become less and less related to the phenotyped 
individuals on which the prediction equations were trained. 
 

Future of molecular breeding 
 

It is apparent that two things must happen to 
accelerate the rate of adoption of molecular breeding within 
livestock industries. First, molecular breeding value 
prediction equations must be developed that have utility 
across all animals within a species regardless of their breed 
composition or relatedness to individuals in a training 
population. Second, the cost of genotyping must decrease to 
enable the widespread genotyping of animals. Both appear to 
require that work begin to refocus on the identification of the 
causal variants underlying large- to moderate-effect 
quantitative trait loci (QTL).  Despite the fact that there are 
relatively few QTL that individually explain >5% of VA 
within any trait in livestock, we typically observe that there is 
a relatively small number of QTL that explain 10-20% of VA 
for the majority of production traits. Saatchi et al. (2014a) 
estimated that the largest 15, 2, 7 and 5 QTL cumulatively 
explained 10% of VA in residual feed intake, average daily 
gain on feed, dry matter intake and metabolic mid-test weight 
in Hereford, as did 13, 46, 1 and 1 QTL in Angus and 7, 25, 
28, and 5 QTL in a Simmental × Angus population. 
However, the fact that these defined 142 distinct QTL loci is 
problematic since this either means that different QTL 
underlie trait variation in different breeds, or that QTL appear 
to be detected in a haphazard manner across breeds. We 
believe that the latter is the case and is due to the joint effects 
of sample size and breed differences in allele frequencies at 
QTL and flanking SNPs which leads to the failure to detect 
QTL at allele frequencies that are substantially lower than 
those of the common SNPs on commercial genotyping 
assays. In support of this argument, several QTL underlying 
feed efficiency and its component traits that were detected by 
Saatchi et al (2014a) were also found by Saatchi et al. 
(2014b) in an independent analysis of 50K genotypes scored 
in 18,274 animals from 10 US beef cattle breeds with 
observations for twelve body weights, calving ease and 
carcass traits. If the underlying variants could be discovered, 
and there is no epistasis such that the same allele has the 
same direction of effect in all populations – possibly a very 
strong assumption (Mackay 2014), then molecular breeding 
values could be developed for all populations with accuracies 
determined by the square root of the proportion of VA 
cumulatively explained by the QTL. If this is as little as 10%, 
the accuracy of the molecular breeding values would initially 
be 31% and response to selection would decline only as allele 



frequencies are driven to fixation. Clearly the advantage to 
this approach is that assays could be developed based on 
genotyping by sequencing which included causal variants for 
reagent costs of as little as $10 to screen 1,000-2,000 
variants.  
 

Detecting causal variants 
 

The detection of the causal variation underlying 
QTL has been the holy grail of molecular breeding for the 
last 25 years. It has also been recalcitrant to the efforts of 
entire research communities and relatively few mutations are 
now known to be causal for phenotypic effects on any traits 
of cattle. The reason for this is because we have been unable 
to resolve the location of any QTL to a region of the genome 
that harbors less than hundreds to thousands of variants and 
we are unable to easily discover these variants or to genotype 
them in genome-wide association (GWA) populations. The 
advent of next-generation sequencing has rapidly resolved 
the issue of variant discovery. A 30X depth whole genome 
sequence of an individual now costs less than $5,000 and it is 
now feasible to whole genome sequence large numbers of 
individuals representing specific breeds and even to sequence 
individuals selected from the populations used for GWA 
analysis. Since association analysis discovers common QTL 
variants using common SNP variants, the causal variants 
underlying QTL are likely to be detected in the sequences of 
relatively few individuals.  

 
We have begun to sequence the genomes of 163 

individuals from 10 breeds to identify loss of function alleles 
which may underlie autosomal recessive embryonic or early 
developmental lethals. These are the simplest of all variants 
for which we can establish causality since if they are at 
moderate frequency in a population but are never observed in 
homozygous form we can statistically infer them to be lethal. 
Our variant calling pipeline has been developed in house over 
the last 3 years and is based on sequencing two libraries 

(currently PCR free; one 350 bp and the other a 550 bp 
average insert) and running each library for 2×100 bp 
sequencing on a single lane of a HiSeq2000. Reads are 
adapter trimmed using an in house developed script, 
duplicate reads are removed and then all reads are error 
corrected using MaSuRCA (Zimin et al. 2013). Reads are 
aligned and variants are called against the UMD3.1 reference 
assembly (plus the Baylor College of Medicine’s Y 
chromosome assembly) using NextGENe (SoftGenetics, 
State College, PA). We capture more than 40 pieces of 
information about each called variant including the detected 
genotype (homozygous or heterozygous different to the 
reference), the numbers of forward and reverse reads 
harboring each called allele, the variant type (SNP, small 
indel, etc) and a plethora of annotation data for the variant 
(creates frameshift, premature stop codon, splice site, 5’ or 3’ 
UTR, amino acid substitution and SIFT score if available, 
etc.). All detected variants are then uploaded into a 
PostgreSQL relational data base where they can be queried to 
export only those meeting certain quality criteria such as: the 
number of animals in which the variant was observed, the 
depth of coverage and number of forward and reverse reads 
harboring alternate alleles, type of variant – e.g., potential 
loss of function allele, etc). We also generate depth of 
coverage reports genome-wide which can be used to identify 
regions of the genome that failed to be sequenced by chance 
or because they represent large deletions. Additionally, copy 
number variation (CNV) analysis is also performed using the 
pipeline of Bickhart et al. (2012). 

 
Table 1 shows the number of cattle that have 

currently been sequenced at the University of Missouri or for 
which we have traded raw sequence data (fasta files) with 
other sequencing groups. These animals have just begun to 
be processed through our variant calling pipeline, and when 
we have completed variant calling we shall design a custom 
genotyping assay containing predicted loss of function alleles 
and those predicted to be damaging to protein function to 

Table 1. Progress in whole genome sequencing for variant detection in beef cattle at the University of Missouri. 
All sequences are Illumina 2×100 bp. 

Breed No. of 
Animals 

No. 
Animals in 
Progress 

Unique 
Sequence 

Reads 
Total Bases 

Total Raw 
Genome 

Coverage 

Average 
Genome 

Coverage 
Angus 74 26 62,455,458,324 6,164,703,625,877 2,125.76 28.73 
Hereford 18 0 13,362,307,234 1,284,191,118,545 442.82 24.6 
Limousin 10 0 2,082,053,340 195,862,313,662 67.54 6.75 
Simmental 8 2 6,927,052,578 689,113,550,598 237.63 29.7 
Charolais 0 10 0 0 0 0 
Gelbvieh 0 10 0 0 0 0 
Maine Anjou 5 0 4,061,220,172 403,867,224,031 139.26 27.85 
Romagnola 4 0 901,554,762 89,666,842,589 30.92 7.73 
Shorthorn 2 0 1,370,128,728 136,274,291,678 46.99 23.5 
Holstein 25 0 3,224,948,436 320,796,806,908 110.62 4.42 
Jersey 9 0 1,399,450,902 139,150,036,295 47.98 5.33 
Ndama 1 0 739,233,320 73,483,493,461 25.34 25.34 
Brahman 11 0 1,871,667,422 167,772,161,118 57.85 5.26 
Nelore 8 0 1,668,006,036 165,728,918,125 57.15 7.14 
Gir 6 0 1,583,737,248 157,449,065,756 54.29 9.05 
Beefmaster 10 0 8,351,392,646 830,865,082,100 286.51 28.65 
Total 191 48 109,998,211,148 10,818,924,530,743 3,730.66 19.53 



genotype 10,000 individuals to identify those alleles that are 
embryonic or early developmental lethals. In addition to 
targeting the identification of variants with causal effects on 
fertility, this project is also making a significant contribution 
to the cataloging of variation present within cattle breeds, and 
because we are sequencing individuals to ~30X coverage, to 
the whole-genome genotyping of some of the most important 
individuals from these breeds. Because the project will also 
sponsor the development of a custom genotyping assay, it 
also will generate a reagent with the opportunity to contribute 
to the identification of causal variation underlying QTL for 
traits other than fertility in cattle. For example, the existence 
of loss of function alleles at differing frequencies among 
breeds provides a simple explanation of the basis of 
inbreeding depression and heterosis in livestock. Individuals 
that are homozygotes for loss of function alleles that are not 
lethal are likely to have depressed fitness relative to 
heterozygotes and individuals that are homozygous for 
functional alleles. In this case, any increases in inbreeding 
within a population will increase homozygosity of loss of 
function alleles at many loci leading to inbreeding 
depression. Conversely, when two populations are crossed 
that differ in allele frequency for loss of function alleles there 
will be an increase in heterozygosity, which will manifest as 
heterosis. We would expect phylogenetically distant breeds 
to possess the largest difference in allele frequencies, and 
quite possibly even possess completely distinct sets of loss of 
function alleles, resulting in the greatest amount of heterosis 
when crossed.  
 

Simultaneous causal variant discovery 
 

Two approaches seem to be evolving to enable the 
testing for causality of variants in GWA populations. The 
first relies on the imputation of high-density SNP genotypes 
to whole genome variation within QTL regions, while the 
second requires fine-mapping using custom genotyping 
assays that target the variation segregating within QTL 
regions. The advantage of imputation is that it is inexpensive 
once the whole genome sequences have been generated – 
which is, of course, expensive when there are many breeds. 
For breeds with effective population sizes of about 100 
individuals, a large number of individuals must be sequenced 
to capture the common haplotypes that are present within 
each breed (Druet et al. 2014). However, because it has been 
shown that SNP genotypes can accurately be imputed from 
50K to 800K in most cattle breeds (VanRaden et al. 2013), it 
is highly likely that the accuracy of imputation from 800K to 
sequence variation data (1 variant every 200-300 bp) should 
be adequate provided sufficient sequenced individuals are 
available (Druet et al. 2014). The major advantage of this 
approach is that the sequence data can be used for imputation 
in any QTL region associated with any trait provided the 
sequenced breeds are representative of the GWA population.  

 
The second approach avoids imputation by 

genotyping essentially all common variation within each 
QTL region using a custom designed genotyping assay. This 
approach requires that fewer individuals be sequenced, 
simply enough to identify the common variation, but is 
limited to the number of QTL that can be targeted using the 

genotyping assay since our limited ability to predict 
functional variants will require that perhaps as many as 1-
2000 variants will need to be tested for each QTL region. 
This number of loci should span a region of from 300-600 kb 
which should be sufficient to contain the causal variant and 
should be more than sufficient to minimize the extent of 
linkage disequilibrium across each QTL region provided 
GWA populations representing several different breeds are 
genotyped. Such assays are QTL specific and become 
redundant as large numbers of causal variants are discovered 
and may have little utility for newly identified QTL for new 
traits in regions of the genome that were not targeted in the 
design of the assay. For this reason, the sequence-based 
imputation approach will ultimately be preferable. However, 
errors in imputation may result in errors of identification of 
causal variants and the potentially lower genotype error rate 
inherent to genotyping assays suggests that both approaches 
are probably warranted in the short term. 

 
Software such as GenSel (Garrick & Fernando, 

2013) appears to be more than capable of analyzing whole-
genome sequence data to identify those variants that are most 
strongly associated with phenotype (due to causality) within 
each QTL region. We have recently tested the BayesB model 
implemented within GenSel using a dog data set comprising 
over 3 million genotypes from a single chromosome 
genotyped by sequencing in 100 dogs and were successfully 
able to run the software. 
 

Conclusions 
 

It appears that we are finally close to being able to 
answer Sewall Wright’s 75 year old question. If we had a 
catalog of causal variants for which we knew allele 
frequencies and directions and magnitudes of effect across 
breeds, we would jointly assay them in a low-cost and high-
throughput manner and then compute a molecular breeding 
value (as a selection index across loci) for each trait and 
perhaps also for an index of traits for each individual to 
enable selection to proceed population-wide. For some loci, 
e.g., those that result in early embryonic or developmental 
lethality, we are likely to employ mate selection software to 
optimize the mating scheme to maximize fertility. For 
polygenic traits that are routinely recorded, causal variants 
underlying QTL could be integrated into the high-density 
genotype sets produced by commercial assays to allow 
efficient selection on known polygenes, which explain 
relatively small proportions of VA, and the unknown 
polygenes which are individually of small effect but which 
cumulatively explain a much larger proportion of VA. As 
time progresses, additional variants are likely to be 
discovered and incorporated in the custom genotyping-by-
sequencing assays and the proportion of VA that is 
unexplained by known variants may decrease. Nevertheless, 
for the foreseeable future we shall be faced with the issue of 
integration of legacy data sets on animals without 
genotypes and data on animals that have been genotyped. 
This problem requires an urgent solution and deployment 
within national genetic evaluation systems. 
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