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ABSTRACT. As the first phase of the genomic use in live-
stock comes to a closure with the routine application of 
genomic selection schemes in most species of commercial 
interest, it is worth noting that a large part of the efforts in 
this phase have been dedicated to the translation of tradi-
tional programs with the aid of molecular data. For new 
traits or traits that do not benefit from large reference popu-
lations a combinations of approaches might be used to ob-
tain short to mid-term advances. The use of voluntarily col-
lected data in commercial populations can be a self-
contained method to increase the number of traits and indi-
viduals available for selection in a cost-effective way. Con-
currently the use of ancillary biological information can 
help improving the correlation between markers and QTL, 
thus potentially reducing the number of individuals/markers 
needed to effectively selecting for complex low heritability 
traits. 
Keywords: dairy cattle; health; genomic selection; volun-
tary recorded data 
 
 

Introduction 
 

Through the years selection in dairy cattle has 
moved from a primary focus on increasing outputs to the 
reduction of inputs, both as direct and collateral costs. Of-
ten the process has been implicit with a gradual realignment 
of breeding goals within a selection program. While the use 
of genomic information in selection is currently widely 
regarded as the new paradigm in animal breeding, the full 
potential of this technology has yet to be exploited. As the 
first phase of this new era comes to a closure with the rou-
tine application of genomic selection schemes in most live-
stock species, it is worth noting that a large part of the ef-
forts in this phase have been dedicated to the translation of 
traditional programs with the aid of molecular data, see for 
example the pioneering work of USDA AIPL (Wiggans et 
al., 2011).  

 
While this has led to an indisputable increase in 

accuracies and decreased generation interval, particularly in 
dairy (Wiggans et al. 2011), several questions remain unan-
swered with regard to the future of the technology. Pheno-
types that are not typically recorded, that are complex in 
nature or have low heritability but yet are critical to current 
or future breeding objectives, are ideal candidates to con-
sider when implementing whole-genome selection to en-
hance genetic progress (Hayes and Goddard 2010). Yet 
these traits are the most challenging to integrate in selection 
schemes. Several research projects are currently underway 
to genomically characterize traits such as feed efficiency, 
fertility, disease resistance, and climate adaptability in dairy 
cattle. Most of these projects aim at identifying and exploit 

genomic variants causing phenotypic variation in these 
complex traits. In most case these new traits are measured 
on experimental populations of moderate size. Moreover, 
often the new data is collected only on breeds with global 
appeal, putting smaller populations at a disadvantage. Final-
ly several of these new traits have low heritability. With 
this contribution we intend to briefly review some of the 
critical aspects of implementing selection for novel traits 
and highlight some of our experience in working with these 
traits. Specifically we will review what are the possible 
scenarios and relative impacts of phenotypic data type and 
availability, and how genomic information can contribute to 
the selection of these traits. 
 

Phenotypic Information 
Choosing a reference populations 

 
When designing a genomic selection scheme for 

new traits, few approaches are available. The introduction 
of a mandated recording system is by far the one requiring 
the largest concerted effort. In return this approach guaran-
tees that the information collected covers the largest propor-
tion of the population of interest, provides a standardized 
source of information and guarantees that the information is 
accrued systematically over time. Typically such systems 
have been implemented for health traits. Nonetheless genet-
ic improvement of traits related to survival has focused 
primarily on longevity in most countries, and currently only 
four European nations (Denmark, Norway, Sweden and 
Finland), where recording of veterinary treatment is manda-
tory, incorporate health information into their selection pro-
gram (Steine et al., 2008). On the opposite side of the spec-
trum are databases based on a voluntarily basis. Canada 
began voluntary collection of diseases events on a central 
database in 2007  and has started incorporating this infor-
mation into their selection program (Jamrozik et al., 2013). 
Incidences of common health disorders are recorded on 
commercial farms through on-farm herd management pro-
grams, and a format for transmitting those data to the na-
tional genetic evaluation center has been developed in the 
USA (Cole et al., 2008). Zwald and colleagues (2004) have 
provided evidence of the usefulness of automatic data col-
lection at the farm level in selection for health traits. More 
recently Parker Gaddis (2012) investigated the relationship 
of the incidence of farm collected disease and epidemiolog-
ical incidences further highlighting how these data provides 
a self contained method to increase the number of traits 
available for selection in a cost-effective way, while im-
proving accuracies capitalizing on the large amount of data 
potentially generated. While providing readily access to 
large amount of data, none of the schemes previously dis-
cussed can directly address selection for traits that are not 
measurable in a commercial population. In this case exper-



imental reference populations for which individuals are 
both genotyped and phenotyped are needed. The effective-
ness of such populations needs to be evaluated a priori since 
the required size of the population will be dependent on the 
heritability of the trait along with the economic value of the 
new trait and the genetic correlation with the other currently 
evaluated traits. A review of all the aspects related to the 
optimal prediction and design of reference populations is 
beyond the scope of this contribution but more information 
can be found for example in Calus et al. (2012). In the fol-
lowing section we will provide evidence of some of the 
experience maturated in working with voluntary recorded 
traits for health related traits.   

 
Genomic Information 

Genomic information from voluntary recorded traits 
 

Several methods for genomic analysis have been 
developed, including multi-stage and single-step methods; 
however, little research has been conducted to compare the 
performance of these methods when used to analyze lowly 
heritable traits, particularly health events. This may be due, 
in part, to a lack of documented phenotypes for health 
events. Producer-recorded health information may be able 
to fill this gap and provide health-related phenotypes, al-
lowing substantial improvements to be made for these 
traits. We investigated different genomic methods applied 
to health data collected from on-farm computer systems in 
the US. These data exemplify traits with low h2 currently 
not included in selection programs. On farm recorded dis-
ease events of ~600,000 cows were available along with 
50K genotypes for approximately 8000 US Holstein bulls.  
 

A ssBLUP analysis was conducted to estimate ge-
nomic variance components and heritabilities for health 
conditions commonly experienced by dairy cows, including 
displaced abomasum, ketosis, lameness, mastitis, metritis, 
and retained placenta. Two-stage Bayesian methods were 
also implemented both for single-trait and bivariate models 
using deregressed sire breeding values as pseudo-
phenotypes. The data were split into four groups for cross-
validation using k-means clustering. Results are reported on 
Table 1. Both single-step and multi-stage methods incorpo-
rating genomic data improved reliability compared to using 
only pedigree data. Increase in average reliability from ped-
igree-based estimates ranged from 9 percentage points for 
retained placenta up to 15 percentage points for lameness in 
ssBLUP. Performance of two-stage methods were more 
impacted by the de-regression method and population struc-
ture, with gains ranging from 1 to 11 percentage points and 
2 to 12 points for the bivariate versions.  

 
 
 
 
 
 
 
 
 

Table 1: Reliability for different genomic prediction 
methods  
Health* 
Event BLUP   

ssBLUP1 
 

BA2 
 

Biv- BA3 
Da 0.22 0.38 0.23 0.24 
Ket 0.18 0.35 0.29 0.30 
Lam 0.15 0.31 0.25 0.25 
Mast 0.26 0.40 0.27 0.28 
Metr 0.24 0.38 0.27 0.31 
Retp 0.42 0.54 0.13 0.22 
* Da displaced abomasum, Ket ketosis, Lam lameness, Mast mastitis, Metr 
metritis, Retp retained placenta.  
1 Single step BLUP 
2 Bayes-A 
3 Bivariate Bayes-A: average of bivariate analyses across traits 
 

Incorporating functional information 
 

Incorporating genotypes from genome-wide SNP 
panels into genetic evaluation systems has increased accu-
racy of young animals' breeding values [1]. The advantages 
granted by this method of prediction are, however, for the 
most part limited to traits included in routine evaluations 
[2]. Even within these traits there exists variability in gain 
between traits, with low h2  traits often benefitting of only a 
fraction of the gains attained by other more heritable char-
acters [REF]. Heritability and number of genotyped and 
phenotyped individuals determine the accuracy of marker 
effect estimates.  While, at least in principle, genomic selec-
tion should rely on linkage disequilibrium between geno-
typed SNP and unknown functional variants, family dise-
quilibrium plays a key role when predicting individuals 
related to those in the training data. Furthermore, correla-
tions between genotypes and QTL are affected by marker 
density and LD patterns [6]. Accuracies of genomic predic-
tions are therefore dependent on both these parameters. 
Increasing accuracy of genomic predictions amounts in the 
end to raising the number of genotypes and phenotypes 
used in the discovery populations, and increasing the corre-
lations between genotyped markers and unknown QTL 
(Snelling et al., 2013).  For the first component logistics 
and budgetary reasons are the main drivers. Increasing the 
number of markers in the SNP panel can increase marker 
correlation with QTL. Nonetheless in most cattle examples 
when marker density was increased from 50K to 700k the 
gain in actual accuracy was marginal (VanRaden et al., 
2011). Reasons for this are manifold but one of them is a 
high redundancy among markers due to the high linkage 
disequilibrium present in cattle. In the formulation of most 
statistical models for the analysis of genomic data, 
knowledge gain of some the genomic variants causing phe-
notypic variation is often implied, with the gain being sole-
ly driven by data. Genomic selection making appropriate 
use of functionally informed SNP genotypes could be less 
reliant on within-family disequilibrium allowing robust 
prediction for low heritability complex traits and across 
unrelated populations.   

 
 
 

 



Table 2: Enriched pathways for the first 4 principal 
components of 7 common dairy cattle diseases. 

Pathway PC1 Class 
Endocytosis 2 Cell growth death 
Phagosome 2 Transport and catabolism 
Apoptosis 2 Transport and catabolism 
Glycine 4 Metabolism AA 
Starch Metabolism 4 Metabolism Starch 
Oxidative phosporyla-
tion 1 Metabolism Energy 

Metabolic 4-2 Metabolic 
Insulin signaling 4 Endocrine System 
Chemokine signaling 1,2,3 Immune Function 
RIG-I like recptor sig-
naling 4 Immune Function 

Cytosolic DNA-
sensing 4 Immune Function 

T cell receptor signal-
ing 2 Immune Function 

B cell receptor signal-
ing 2 Immune Function 

F gamma R-mediated 
phagocytosis 2 Immune Function 

Leucocyte transendo-
thelial migration 2 Immune Function 

Neurotrophin signaling 2 Immune Function 
 

 

1 Principal Component 
Structuring prior variance 

 
Whole genome Bayesian regression are, for many 

traits, the methods of choice in obtaining genomic predic-
tions. Allowing functional driven prior specification can 
effectively expand and tailor most of these methods. We 
investigated the usefulness of functionally guided genomic 
selection for disease resistance in dairy cattle. To integrate 
functional annotation information in genomic predictions a 
principal component analysis was performed for sires’ lia-
bilities of the 7 diseases previously described under the 
speculation that a combination of biological processes un-
derlie general disease resistance, and conversely that some 
biological processes are specific to the etiology of each 
particular disease or group of diseases. The first 4 principal 
components were employed in an association analysis car-
ried out with a Bayes-C modeling approach. Windows of 
1Mb that a posteriori contributed the highest variance (as 
compared to the total genomic variance) were chosen as 
potentially functional. SNP within these windows were 
extracted and functional annotation for GO terminology and 
pathway enrichment was performed. A modification of the 
Spike-Slab model (de Los Campos et al., 2013) allowing 
for markers to be assigned to different groups with differing 
variance was employed, in which mixing proportions were 
determined a priori by the pathway analysis. All the SNP 
pertaining to an enriched category (Table 2) were assigned 
to the slab while all other markers were assigned to the 
spike. Reliabilities obtained from the guided genomic mod-
el using path information (Table 3) outperformed the naïve 
predictions, albeit of a small margin, proving that at least in 

concept incorporating functional information could repre-
sent a successful strategy for increasing portability and ac-
curacy of genomic predictions for new traits.  

 
Table 3: Accuracy of prediction when structuring prior 
variance information. 
Trait/method 1 

Bc     Gu 
2 

Bc     Gu 
3 

Bc    Gu 
4 

Bc    Gu 
Mast .31 .33 .28 .31 .32 .29 .29 .32 
Ket .33 .35 .32 .34 .30 .31 .27 .28 
Metr .28 .30 .28 .31 .31 .29 .32 .32 
 

 
Reweighting markers based on significance 

 A different, albeit related approach to the one just 
outlined can make use of evidence gained within the analy-
sis to reweight markers contribution in the Genomic rela-
tionship matrix, similarly to what proposed by Wang and 
colleagues (2012). Single-step genomic-BLUP methodolo-
gy can incorporate genomic data into mixed models, blend-
ing pedigree-derived relationship matrix with marker-
derived genomic relationship matrix. In blending, higher 
emphasis (95%) is given to genomic relationship, such that 
identity-by-state relationship among individuals (bulls) with 
genotypes is derived from the markers considered. Rela-
tionship among not genotyped individuals, as well as be-
tween these and the genotyped individuals is derived from 
pedigree. The model produces genomic breeding values 
(GEBV) that are to interpret as containing information from 
offspring and relatives, weighted by identical-by-state ge-
nomic relationship as well as identical-by-descent pedigree 
relationship. Nonetheless these GEBVs can be used infer 
marker effects. The equation used to obtain marker effect 
produces an expected value of marker contribution to genet-
ic variation according to genotype incidence across individ-
uals and genomic relationship among individuals with gen-
otype. Marker effects can then be obtained simply solving 
this equation (step 1). A re-weighting and solving iterative 
procedure can then be used to dissect genetic variation by 
separating strong evidence of marker impact from noise. 
This procedure consists of constructing a new genomic ma-
trix where marker contribution is proportional to marker 
impact as extracted from step 1. Equation to obtain marker 
effects can be solved again to obtain new marker effects 
(step 2), highlighting markers with stronger effect and 
shrinking the others to null. The process reaches conver-
gence when a relatively low number of markers with 
stronger impact adsorb total amount of genetic variation as 
expressed by the GEBVs (while other markers are given 
near-null effect). The number of markers with non-null ef-
fect at the end of the process would depend in part on the 
architecture of the trait.  When applied to the three most 
common diseases iterative reweighting resulted in increases 
in accuracies of prediction ranging from 2% to 10% (Table 
4). The process of reweighting within this approach is a 
blind procedure driven exclusively by markers’ contribu-
tion. Nonetheless when reweighted markers are functionally 
annotated genomic regions of biological significance can be 
retrieved.  For example for the mastitis trait, six genes 
(LY6K, LY6D, LYNX1, LYPD2, SLURP1 and PSCA) 
were annotated in proximity to the window with highest 



variance, being part of the lymphocyte-antigen-6 complex 
(LY6), known for its neutrophils regulation function linked 
to the major histocompatibility complex. Furthemore, DA-
VID enrichment analysis revealed 5 KEGG pathways that 
contained genes annotated, 4 of them linked to immune 
response (Table 5).  
 
Table 4: Accuracy of prediction when reweighting 
markers contribution iteratively  

 
BLUP ssBLUP r-ssBLUP 

keto 0.18 0.35 0.38 

mast 0.26 0.4 0.42 

metr 0.24 0.38 0.41 
 
Table 5: Genes and enriched pathways from re-
weighting procedure of G based on significance  
Class Name 
Genes: 
 
 
 

 
LYNX1 - Ly6/neurotoxin 1 

LYPD2 - LY6/PLAUR domain containing 2 
LY6K - lymphocyte antigen 6K-like 
LY6D - lymphocyte antigen 6D-like 

Pathways:  
Primary bile acid biosynthesis 

ABC transporters 
Jak-STAT signaling pathway 

Cytokine-cytokine receptor interaction 

 
Obtaining and employing network information 

 
While the methods described in the previous sec-

tions might represent a first step towards a shift of focus 
from the assayed SNP to variants more likely to have func-
tional effects, they all are a somewhat piecemealed ap-
proach that oversimplifies the complexities of the genome. 
A better approach to inform genomic prediction might be 
represented by the explicit inclusion of gene networks in 
the prediction models. In the following section we propose 
to use a model similar to that described by Fortes et al. 
(2010, 2012) to identify puberty gene networks, to highlight 
gene networks associated with dystocia in Jersey, US 
Brown Swiss, and US Holstein, cattle.	  Dystocia, or calving 
difficulty (Mee, 2008), has an important negative economic 
impact in the dairy industry. Genetic correlations have been 
identified between dystocia, gestational length and different 
conformational traits. Dystocia is also influenced by pater-
nal and maternal breed (Cole et al., 2005) There are large 
phenotypic differences among breeds, with Holsteins, 
Brown Swiss, and Jerseys exhibiting high, moderate, and 
low rates of dystocia, respectively.  While many producers 
avoid dystocia problems by selecting sires that have favora-
ble (low) predicted transmitting abilities for calving ease, 
improved understanding of the biology underlying dystocia 
may lead to improved tools for predicting mating outcomes 
both within a purebred and crossbred framework and relat-
ed to both dystocia and calf survival. For this work, pseudo-
phenotypes consisting in PTA from functional traits (SCE: 
direct caving ease, DCE: maternal calving ease, GL: gesta-

tional length) and conformational traits (stature, strength, 
and body depth) from the three breeds were used. Only rec-
ords with a reliability of the deregressed PTA larger than 
0.2 and only animals with records in all traits (to avoid an 
animal-trait confounding effect) were kept for the analysis. 
A total of 45188 quality-controlled genotypes were also 
available for all animals. A single-trait GWAS was per-
formed, using a BayesA model. The proportion of genetic 
variance accounted for by each SNP was calculated and 
SNPs in the top 1st quartile of the distribution were retained. 
We used these SNPs for the construction of an association 
weight matrix (AWM) that followed the procedures previ-
ously implemented by Fortes and colleagues (2010). Then, 
each SNP selected above was mapped to its closest annotat-
ed gene. Criterion for mapping consisted in a 5’ or 3’ max-
imum distance to the nearest gene smaller or equal to 2500 
bp. Row-wise partial correlations were computed using the 
PCIT algorithm (Reverter and Chan, 2008). The significant 
correlations identified could be interpreted as significant 
gene-gene interactions. These interactions put together re-
sulted in a specific dystocia gene network. Finally, we used 
human homologs of the genes in the AWM matrix to search 
for enriched functional annotation. The AWM matrix corre-
sponded to a matrix of 1606 rows and 6 columns (traits). 
The gene network generated based on the AWM consisted 
of 7 clusters. Among top enriched biological processes 
(FDR ≤ 10 %) were cell-cell signaling, synaptic transmis-
sion and regulation of microtubule-based process.    
 

Conclusions 
 
The push for selecting new traits is increasing and 

the inclusion of additional phenotypic information has been 
advocated from several parts. Successful selection for such 
traits will necessarily have to pass from increasing the 
number of genotyped and phenotyped individuals as well as 
the increase in correlation between markers and QTL. The 
investigation of new phenotypes has recently been the focus 
of several funding initiatives across the globe. Many of the 
funded projects entail a large phenotyping of experimental 
or near-experimental populations. The power of systematic 
multi-level phenotyping has been demonstrated in experi-
mental animals (see for example 
http://www.eumorphia.org, for the mouse). While for these 
species several combined phenotyping centers have been 
established which cover all aspects of phenotyping, this is 
not reasonable for livestock species due to the greater di-
versity of scientific problems and larger demand for space, 
specialized facilities and technologies. The mining of data 
collected in a de-centralized fashion requires additional 
editing and vetting but can provide an invaluable short to 
mid-term opportunity to expand utilization of genomic tools 
by allowing direct utilization in selection programs [70], 
while providing at least the background information neces-
sary for the successful design of large scale phenotyping 
efforts.  

 
While increasing the size of marker panels utilized 

in genotyping candidates for genomic selection represent 
the easiest, way increase correlation between anonymous 
markers and functional variants the use of ancillary infor-



mation might represent a valuable strategy, especially for 
low heritability traits. The major potential limitation of such 
approach might be represented by the asymmetric distribu-
tion of functional annotation within and across species for 
functional variants. While scattered functional annotation 
might limit, in some cases, the general usefulness of some 
of the methods, it is foreseeable that as it happened in hu-
mans and model organisms the annotation gap will be clos-
ing rapidly over the next few years, making such approach-
es more appealing. Furthermore, emerging sequencing and 
genotyping technologies may facilitate identification and 
genotyping of sequence variants likely to affect gene func-
tion and regulation.  Continued developments may enable 
functional genomic selection to focus on loci most likely to 
affect performance, explaining a meaningful amount of 
variation across populations within any livestock species.  
 

Literature Cited 
 

Britney, J. B., Martin, S. W., Stone, J. B.  et al. (1984). Prev. Vet. 
Med. 3:45-52. 

Wiggans, G. R., P. M. VanRaden, and T. A. Cooper. (2011). J. 
Dairy Sci. 94:3202-3211. 

Hayes B, Goddard M. (2010). Genome, 53:876-883. 
Steine, G., D. Kristofersson, and A.G. Guttormsen. J. of Dairy Sci. 

(2008). 91:418-26. 
CDN. Health data recording In Canada. 2009; Available from: 

http://www.cdn.ca/articles.php 
Jamrozik, J. Koeck, A., Miglior, F., et al. (2013). Interbull Bulletin 
Zwald, N.R., K.A. Weigel, Y.M. Chang, et al. (2004) J. Dairy Sci. 

87(12): p. 4287-4294. 
Cole, J.B., D. J. Null, and L. R. Bacheller, (2008). J. of Dairy Sci. 

91(E-Suppl. 1): p. 2–3(abstr. T6). 
KL Parker Gaddis, JB Cole, JS Clay, et al. (2012) J. of Dairy Sci. 

95: 5422-5435 
Calus, M.P., de Haas, Y., Pszczola, M. et al. (2012). Animal, 7:2, 

183-91 
Snelling, W.M., Cushman, R.A, Keele, J.W., et al. (2013) J. of 

Animal Sci. 91: 537-552 
VanRaden, P., O'Connell, J.R., Wiggans, G.R., et al. (2011) Ge-

netics Selection Evolution. 43:10 
de Los Campos G, Hickey JM, Pong-Wong R, et. al. (2013). Ge-

netics. 193(2):327-45 
Wang H, Misztal I, Aguilar I, et a. (2012). Genet Res 

(Camb).94(2):73-83 
Fortes, M. R. S., Reverter, A., Zhang, Y., et al. (2010). Proc. Natl. 

Acad. Sci. U.S.A. 107:13642-13647. 
Fortes, M. R. S., W. M. Snelling, A. Reverter, et al. (2012).  J 

Anim Sci. 90(9):2894-906 
Mee, J. F. (2008) Vet. J., vol. 176: 93–101. 
Cole, J.B. , R.C. Goodling Jr., G.R. Wiggans, et al. (2005). J. 

Dairy Sci., 88: 1529–1539 
Reverter, A. and Chan, E. K. F.  (2008). Bioinformatics, 21: 

2491–2497. 
Eumorphia. Understanding Human Disease Through Mouse 

Genetics. 2011; Available from: http://www.eumorphia.org 


