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Summary

Genomic information was included for the first time in the prediction of
breeding values for Atlantic salmon within the Australian Salmon Enterprises
of Tasmania Pty Ltd selective breeding program in 2016. The high potential
of within family selection to accelerate genetic gain, something not possible
using the traditional pedigree based approach, provided the impetus for
implementation. The ability to implement such a scheme began with the
design of a custom 50K SNP array. Subsequent genotyping revealed
extensive persistence of linkage disequilibrium, resulting in high accuracies
of both imputation and genomic breeding values when using imputed data.
Consequently, a low-density novel 3K genotype-by-sequence assay was
devised. Through the use of the two genotyping platforms all individuals in
future year classes are now being genotyped on at least one platform.
Progeny data from genomic selection decisions is currently limited and,
therefore, the potential gains in accuracy achieved through the
implementation of genomic selection were evaluated for a suite of marine-
environment traits using a cross validation approach to replicate the typical
data structure of the population. Genomic derived breeding values were
found to provide significant increases in accuracy for all traits.
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Introduction

Genomic selection has been widely deployed to improve the rate of genetic
gain across a number of species (Hayes et al. 2009, Cleveland and Hickey,
2013, Lin et al., 2014). There has also been interest in its application to
Atlantic salmon breeding programs (Ødegård et al., 2014, Tsai et al. 2015)
and, in 2016; genomic selection was implemented in the Salmon Enterprises
of Tasmania Pty Ltd (Saltas) selective breeding program. The advantage of
genomic selection and motivation for implementation was the ability to make
within family selection. Due to the high fecundity of salmon, the Saltas
breeding population contains large full-sib and half-sib families divided into
marine-test and broodstock cohorts. Those in the broodstock cohorts remain in
freshwater for biosecurity reasons and are not tested for marine-environment, post-
harvest and disease traits. Using the traditional pedigree approach, all
broodstock in the same full-sib family receive the same breeding value (as
only the average relationship coefficients can be predicted). Genomic
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information offers the opportunity to estimate of genetic merit at the
individual level rather than at the family level.

Implementation was enabled using a custom Tasmanian population
specific 50K SNP array. Preliminary data from this array was used to assess
the potential for a low-density SNP panel through the calculation of
imputation and genomic breeding value (GEBV) accuracies for SNP sets
containing 1000 or 3000 markers. Results revealed high imputation and
GEBV accuracies and therefore, both a 50K SNP array and a novel low-
density 3K genotype-by-sequencing (GBS) assay are incorporated into the
genotyping scheme.

An assessment of gains achieved through the implementation of
genomic selection will be possible once the phenotypes of the progeny of
the broodstock selected via genomic selection become available in
subsequent years, but to date there is limited data prohibiting extensive
validation. In lieu of that information, the potential gains were assessed for a
set of six marine-environment traits. A 10-fold cross validation approach was
used to allow for the data structure of the population to be reproduced.
Correlations between the GEBV (or EBV) with the measured phenotypes
were calculated to assess prediction accuracy.

Genotyping Scheme

The first step in implementing genomic selection was to develop an effective
SNP array for the Tasmanian (or Saltas) population. This array was
designed using genotype data from 782 individuals across eleven year
classes (2001-11). This was done in collaboration with the Centre of
Integrative Genetics (CIGENE) using a custom 220K SNP Affymetrix array
developed by AquaGen and CIGENE (Barson et al.  2015). After quality
control (MAF>0.02, SNP call rate >90%, Mendelian error control) a total of
98948 assembly-mapped polymorphic SNP and 750 individuals remained.
 From these SNP, 53104 markers were selected to include any trait-
associated SNP and to optimize the set for linkage disequilibrium (LD),
minor allele frequency (MAF) and genomic location. The final design of the
custom Affymetrix array was carried out by Center for Aquaculture
Technologies (CAT) and resulted in 50687 unique markers on a custom
Affymetrix array.

To assess the viability of a low density SNP panel, a dataset
containing genotypes for 2889 individuals from the 2012 and 2013 year
classes was formed. After quality control (MAF > 0.02, SNP call rate > 90%),
45840 SNP were retained. This data was combined with the corresponding
220K data to test imputation and GEBV accuracy when predicting the 2013
YC (1703 individuals). Either 1000 or 3000 SNP were retained with all other
markers masked. The markers in each set were selected to optimise
genomic coverage, trait-association, LD and MAF. FImpute (Sargolzaei et
al., 2014) was used to impute the masked markers using family and
population imputation. The proportion of correctly imputed genotypes was
used to assess the accuracy of the imputation. High imputation accuracies
were found with 88.4% and 95.8% of masked markers imputed correctly for the 1K
and 3K SNP sets respectively (Table 1).

The effect of imputation on GEBV accuracy was tested using two
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traits; harvest weight (no. of phenotypes= 13,157) and marine maturation (n
= 33,754). Two models were fitted using ASReml. In the first, GEBV for
harvest weight were estimated using a univariate model where cohort was
fitted as a fixed effect and family and animal as random effects. In the
second, GEBV for marine maturation were estimated using a four trait
multivariate model, which included marine and freshwater maturation and
the weight at the maturation measurements (23 months). This model
included a mean trait effect and trait by cohort effect as fixed effects, and
with the genetic effects as random trait by family and trait by animal effects.
Animal effects in both models were fitted using the H matrix, the relationship
matrix based on both pedigree and genomic information (Aguilar et al. 2010). The
resultant GEBV were correlated with GEBV calculated from the called genotype
data. The accuracies obtained were extremely high and consistent for both traits
(Table 1).

Table 1. Imputation and ‘imputed’ GEBV accuracies for genotyped individuals from
the 2013 YC. Imputation accuracy is calculated as the proportion of correctly
imputed genotypes.

‘Imputed’ GEBV accuracy1

No. of
SNP

Imputation
accuracy

Harvest
Weight

Marine Maturation

1000 0.8841 0.9778 0.9701
3000 0.9579 0.9960 0.9951
1Spearman’s rank correlation co-efficient was used to calculate the accuracy between GEBV from
imputed genotypes (‘imputed’ GEBV) and GEBV using the original data.

The accuracies obtained indicated that 1000 markers were sufficient
to accurately impute and produce GEBV in the Saltas population. In
consultation with CAT, and after functioning in cost and the known potential
of GBS assays to produce higher amounts of missing data than SNP arrays,
a 3K GBS assay was developed. To date, the assay has returned useable
data on ~2.5K markers. The cost effectiveness of the genotyping scheme
means that all individuals produced each year, beginning with the 2016 year
class, will be genotyped with the low-density assay (~9K), and with all
parents genotyped on the 50K array (~200).

Gains in Prediction Accuracy

To assess the potential gains in accuracy, an expanded set of 4716 genotyped
individuals were used. All had been genotyped on the 50K SNP array. After quality
control (MAF > 0.02, SNP call rate > 90%), 46502 SNP remained. The individuals
were from the 2012, 2013 and 2014 year classes representing two broodstock and
two marine-test cohorts and 554 full-sib families.

The marine-environment phenotypes included were severity of amoebic gill
disease (AGD) at first infection, AGD at summer (peak) infection, harvest weight,
maturation, flesh colour and flesh fat content. The severity of AGD infections were
measured by assessing disease signs using a visual gill score (Kube et al., 2012).
Maturation was scored as presence/absence at 22 months of age and represents early
(pre-harvest) incidence. Flesh fat content was calculated as the percentage of fat in
wet weight and flesh colour as the amount (mg/kg) of astaxanthin. Phenotypes from
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individuals (genotyped and non-genotyped) from all 554 families were included in
the phenotypic dataset. The number of individuals with both genotype and
phenotype data varied by trait ranging in number from 1449 to 2866 (Table 2).

The potential prediction accuracy gains were assessed by comparing GEBV
produced by the single step GBLUP approach (Aguilar et al. 2010) to the EBV
produced by traditional pedigree BLUP. The program AIREMLF90 (Misztal et al.,
2002) was used for both approaches. Each trait was analysed separately with cohort
fit as a fixed effect and family and animal fit as random effects in the statistical
model. Animal was modeled either using the pedigree derived numerator
relationship matrix (for EBV) or the H matrix (for GEBV).

A 10-fold cross validation approach was employed due to the size of the
families and dataset. For each phenotype, individuals with both genotypes and
phenotypes were partitioned into 10 sets with family representation balanced across
sets. Phenotypes were set to missing in each set sequentially with the remaining sets
used to predict the breeding values for the set with missing phenotypes.

The EBV and GEBV were assessed for accuracy by correlating these values
to the phenotypes. The accuracy was assessed using the Pearson, Spearman’s rank,
or the point-biserial correlation coefficients depending on the phenotype’s
distribution (Table 2). The adjusted theoretical accuracy was calculated by dividing
the accuracy by the square root of the trait’s heritability.

Table 2 presents heritabilities and adjusted accuracies for EBV and GEBV
for each trait. GEBV had a higher accuracy than the EBV for all traits. The largest
increase in accuracy was for AGD first infection where the inclusion of genomic
information improved the accuracy by more than 50%. For AGD summer infection
and maturation, the GEBV also provided large increases in prediction accuracy. In
comparison, the GEBV for harvest weight and flesh fat provided smaller ~5%
increases in prediction accuracy. It is possible these lower results are attributable to
both traits having low numbers of genotyped individuals with phenotypes. It is
expected that the GEBV accuracies for all traits will improve as the quantity of
genotyped individuals with phenotypes grows.

Table 2. Adjusted accuracies for EBV or GEBV for six marine-environment
traits calculated as the appropriate correlation between the EBV or GEBV
and the phenotype divided by the square root of the heritabilities. Standard
errors indicated by parentheses. Heritability (h2) was estimated using the
GEBV model.
Trait nd h2 EBV accuracy GEBV accuracy Increase (%)
Harvest Weighta 1476 0.34 0.588 (0.029) 0.641(0.043) 5.3

Maturationc 2721 0.43 0.229 (0.017) 0.659 (0.024) 43.0

AGD- first infectionb 2865 0.16 -0.030 (0.055) 0.510 (0.070) 54.0

AGD-summer infectionb 2866 0.35 0.375 (0.060) 0.590 (0.047) 21.5

Flesh coloura 1470 0.66 0.640 (0.019) 0.758 (0.014) 11.8

Flesh fata 1449 0.21 0.378 (0.061) 0.430 (0.048) 5.2

Accuracy calculated using aPearson correlation coefficient, b Spearman’s rank correlation

coefficient or cPoint biserial correlation coefficient. dThe number of genotyped individuals
with phenotypes.

Conclusion
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Genomic selection was implemented in 2016 in the Saltas selective
breeding program through the development of a 50K population specific
SNP array. Subsequent examination of imputation accuracies revealed the
viability of a low-density panel. This has provided a cost effective genotyping
scheme and all individuals produced are now genotyped with the low-
density assay, with parents genotyped on the 50K SNP array. A preliminary
examination of gains in prediction accuracies using 50K SNP data
demonstrated that there are potentially large gains across a range of commercially
important traits.
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