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ABSTRACT: Bacterial cold water disease (BCWD) causes 
significant economic losses in salmonids. In this study, we 
aimed to (1) predict genomic breeding values (GEBV) by 
genotyping training (n=583) and validation samples (n=53) 
with a SNP50K chip; and (2) assess the accuracy of 
genomic selection (GS) for BCWD resistance. For BCWD 
survival days and survival status, Bayes B method yielded 
higher accuracy of GS than Bayes C. For both disease 
phenotypes, accuracy of GS with Bayes B was moderate 
(0.45-0.50). The low accuracy of GS was due to using small 
training and validation samples. However, the accuracy of 
GS evaluated with cross-validation was variable (0.49-1.09) 
with a pooled accuracy of 0.77. The accuracy of GS for 
BCWD resistance will be increased using larger training 
and validation samples. To our knowledge, this is the first 
evaluation of GS accuracy with experimental data in 
salmonids. 
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Introduction 
 

Bacterial cold water disease (BCWD) causes 
significant economic losses in salmonid aquaculture. The 
etiological agent of BCWD is Flavobacterium 
psychrophilum (Fp), and current methods for control of this 
disease are limited. At the National Center for Cool and 
Cold Water Aquaculture (NCCCWA), we have pursued a 
selective breeding program to increase rainbow trout 
genetic resistance against BCWD. We previously reported 
that post-challenge survival is a moderately heritable trait 
that responds to selection (Leeds et al. (2010)).  

   
Genomic selection (GS) is a recently developed 

methodology (Meuwissen et al. (2001)) that is 
revolutionizing animal breeding.  Actually, there are few 
livestock species that can be genotyped for at least 50,000 
single nucleotide polymorphisms (SNP) using a variety of 
assays. These high-density SNP panels can be used to 
compute genomic breeding values (GEBV) by first 
estimating the marker effects from analysis of a population 
with SNP genotypes and trait phenotypes (training set). The 
resulting marker effect estimates are then used in 
conjunction with SNP genotypes and trait phenotypes from 
a new group of animals (validation set) to evaluate the 
performance of the GEBV prediction model. The accuracy 
of predicted GEBVs, determined as the correlation between 

predicted GEBVs and true BV estimates (TBV), has been 
numerous and possible in dairy cattle due to the availability 
of extensive evaluation records on elite dairy bulls with 
highly accurate estimated breeding value (EBV) (Hayes et 
al. (2009); VanRaden et al. (2009)). In contrast, many 
livestock species including beef cattle, swine, poultry, 
sheep, and fish species do not have information on highly 
accurate EBVs for traits of economic importance. The 
accuracy of estimated GEBVs has only recently begun to be 
reported for traits in beef cattle (Saatchi et al. (2011); 
Daetwyler et al. (2012)), poultry (Wolc et al. (2011)) and 
other species in which highly accurate EBV do not exist. 
The aims of this study were to (1) predict GEBV for 
BCWD resistance in the NCCCWA disease resistance 
breed population; and (2) evaluate the accuracy of GS for 
BCWD resistance in rainbow trout.  

 
Materials and Methods 

 
Training and validation sample. The training 

sample included 10 full-sib (FS) families from year-class 
(YC) 2005 of the NCCCWA disease resistance breed. Each 
family had n = 39-80 offspring for a total of n =583 
animals. The validation sample included 53 breeders (sires 
and dams) that were offspring of YC 2005 families 
included in the training sample; each family had 2-11 
breeders. The 53 breeders had high accuracy EBVs (r 
~0.78) estimated from siblings and progeny performance 
(BCWD survival status). This GS study design ensured a 
high degree of relationship between training and validation 
animals. 

 
BCWD resistance phenotypes. The fish were 

reared and challenged with Fp according to procedures 
described elsewhere (Hadidi et al. (2008)).  Survival days, 
the number of days to death post-challenge, were recorded 
for a total of 21 d post-challenge with survivors being 
assigned a value of 22 d post-challenge. Each individual 
fish also had records of survival status. The binary survival 
status had two classes: 2 = fish was alive on day 22 post-
challenge and 1 = fish died during the 21 d post challenge 
evaluation period.  In the analysis of the training sample, 
we utilized survival days and survival status phenotypes to 
estimate marker effects and predict GEBVs for BCWD 
resistance phenotypes in the validation sample. 

 
Marker genotype data. The training and 

validation animals were genotyped with an SNP50K chip 



which included 52,204 SNPs. Samples were genotyped by a 
commercial service provider (Geneseek, Inc., Lincoln, NE) 
according to the Axiom genotyping procedures described 
by Affymetrix. After genotype data quality control (QC), a 
total of 46,465 SNPs were included in the genomic 
analysis; each family had between 22,752 and 26,805 
genotyped SNPs. Briefly, the QC pipeline screened samples 
for the proportion of missing genotypes, and animals with 
greater than 3% missing genotypes were removed. The SNP 
were included only if they met the following criteria: % of 
missing genotypes across samples <3%; minimum allele 
frequency >2.5%; and deviation of observed genotype 
frequencies from expected frequencies calculated from 
allele frequencies (Hardy-Weinberg c2-value) <300.  

 
Estimation of marker effects. The SNP genotype 

data from training sample were used to estimate marker 
effects using Bayesian methods implemented in software 
GENSEL (Fernando and Garrick (2012)). The fixed effect 
tank was not included in the mixed model because it was 
partially confounded with family effects. Before proceeding 
to estimate marker effects, we first estimated genetic and 
residual variances using Bayes C method to use as priors in 
the Bayesian analysis. In the genetic parameter and marker 
effect estimation, we used three π mixture parameters 
(proportion of SNPs with zero effect): An approximate π 
that enabled using slightly less SNPs than animals in the 
training set (π = 0.9875; used SNPs = 581) to avoid over-
fitting the training model; and π = 0.95 and 0.90 for 
comparison. We then performed marker effect estimation 
using Bayes B and C to also compare their performance on 
assessing accuracy of GS. At this training models stage, the 
accuracy (r) of predicted GEBVs was derived from the 
approximate reliability (r2) calculated by GENSEL. 

 
Accuracy of GS. The accuracy of GS was 

evaluated using two methods. First, the accuracy was 
evaluated using the validation sample. We predicted the 
GEBVs for each validation animal using the marker effects 
estimated with the training sample using the “predict” 
option in software GENSEL. Then, we correlated the 
estimated GEBV with the already known EBV of each 
validation animal: r(GEBV, EBV). Finally, we estimated 
the accuracy of predicted GEBVs as r(GEBV, EBV) / r 
where r is the accuracy of the EBVs in validation sample 
(Hayes et al. (2009)). Second, the performance of genomic 
prediction was assessed using cross-validation (Legarra et 
al. (2008); Saatchi et al. (2011); Daetwyler et al. (2012)). 
We used random clustering 10-fold cross-validation: the 
training animals were randomly allocated into 10 mutually 
exclusive groups using the R package “random” (R Core 
Team (2013)). So we build 10 cross-validation (CV) sets: 
each CV set had a training (524-525 animals) and 
validation sample (58-59 animals). In the training analysis, 
the data excluded one group to train the model on the 
remaining nine groups to estimate marker effects which 
were then used to predict GEBV of individuals from the 

omitted group (validation set). After analyzing the 10 CV 
sets, every training animal had a predicted GEBV. 
Subsequently, the GEBVs were correlated with the 
phenotypic value (y) of each training animal to estimate the 
“predictive ability” as r(y, GEBV). Then the accuracy of 
GS was approximately estimated using the “predictive 
ability” as r(y, GEBV) / h where h is the square-root of 
heritability (Legarra et al. (2008); Daetwyler et al. (2012)). 

 
Results and Discussion 

 
Accuracy of GS for BCWD survival days. The 

proportion of genetic variance of BCWD survival days 
explained by the SNPs was ~0.22 and 0.31 when using 
Bayes B and C methods, respectively (Table 1). These 
estimates are close to reported heritability for BCWD 
resistance (Leeds et al. (2010)). At training stage, using the 
GENSEL’s approximated reliability (r2) estimates for 
predicted GEBVs, we estimated accuracy of r = 0.74 for 
estimated GEBVs with both Bayesian methods.  

 
Table 1. Accuracy of predicted GEBVs for BCWD 
survival days in training and validation samples. 

π1 SNPs 
used 2 

Training3  Validation4 

h2
M 

5 sqrt(r2)
6  

r(GEB
V, 

EBV) 

r(GEBV
, 

EBV)/r 
7 

Bayes C 
0.9875 581 0.31 0.74  0.32 0.41 
0.9500 2323 0.31 0.74  0.31 0.39 
0.9000 4647 0.31 0.74  0.30 0.39 

Bayes B 
0.9875 581 0.23 0.74  0.37 0.47 
0.9500 2323 0.22 0.74  0.35 0.45 
0.9000 4647 0.22 0.74  0.35 0.45 

1Mixture parameter π indicates proportion of SNPs with zero effect. 
2Total of p= 46,465 SNPs; p(1- π) most informative SNPs from each 
MCMC iteration is used in the analysis. 
3Training sample had 10 full-sib 2005 families with a total n=583 animals. 
4Validation sample had 53 breeders with EBV records for survival status. 
5Proportion of genetic variance explained by the SNPs. 
6Accuracy of predicted GEBVs at training stage.  
7Accuracy of genomic selection estimated with validation sample. 

 
 
The accuracy estimates of GS for BCWD survival 

days were higher when using Bayes B (0.45-0.47) than 
when using Bayes C (0.39-0.41) with validation sample. 
For both methods, we noticed that the accuracy of GS is 
decreased when more SNPs are used in the analysis which 
is due to over-fitting of training models.  

 
Accuracy of GS for BCWD survival status. The 

proportion of genetic variance of BCWD survival status 
explained by the SNPs was ~0.38 and ~0.50 when using 
Bayes B and C, respectively (Table 2). The heritability 
estimates due to SNPs for BCWD survival status (0.38-



0.51) were larger than those estimated for BCWD survival 
days (0.22-0.31). At training stage, using the GENSEL’s 
approximate reliability (r2) estimates of predicted GEBVs, 
we determined accuracy of r = 0.73-074 for estimated 
GEBVs with both Bayesian methods. These accuracy 
estimates were similar to those estimated for BCWD 
survival days (0.74). 

 
Table 2. Accuracy of predicted GEBVs for BCWD 
survival status in training and validation samples. 

π1 SNPs 
used 2 

Training3  Validation4 

h2
M 

5 sqrt(r2)
6  

r(GEB
V, 

EBV) 

r(GEBV
, 

EBV)/r 
6 

Bayes C 
0.9875 581 0.51 0.74  0.32 0.41 
0.9500 2323 0.49 0.73  0.31 0.40 
0.9000 4647 0.49 0.73  0.31 0.40 

Bayes B 
0.9875 581 0.39 0.73  0.39 0.50 
0.9500 2323 0.38 0.73  0.37 0.47 
0.9000 4647 0.38 0.73  0.36 0.47 

1Mixture parameter π indicates proportion of SNPs with zero effect. 
2Total of p= 46,465 SNPs; p(1- π) most informative SNPs from each 
MCMC iteration is used in the analysis. 
3Training sample had 10 full-sib 2005 families with a total n=583 animals. 
4Validation sample had 53 breeders with EBV records for survival status. 
5Proportion of genetic variance explained by the SNPs. 
6Accuracy of predicted GEBVs at training stage.  
7Accuracy of genomic selection estimated with validation sample. 

 
 
The accuracy estimates of GS when using Bayes B 

(0.47-0.50) were markedly higher than those estimated with 
Bayes C (0.40-0.41) with validation sample. For both 
methods, we also noticed that the accuracy of GS is 
decreased when more SNPs are used in the training models. 

  
For both BCWD resistance phenotypes, the 

accuracy of GS achieved with Bayes B method was 
moderate (0.45-0.50) and short from high accuracies 
reported by larger GS studies (Hayes et al. (2009); 
VanRaden et al. (2009)). Given that the accuracy of EBVs 
in our validation sample was high (0.78), we believe that 
the low accuracy of GS for BCWD resistance was due to 
the relatively small training (n = 583) and validation (n = 
53) samples used in this study. For our GS design that 
deliberately ensured high relationship between training and 
validation individuals, we need to use training and 
validation samples with more than 1,000 animals to 
increase accuracy of GS. 

 
Assessing accuracy of GS with CV. Table 3 

shows results from evaluating the accuracy of predicted 
GEBVs for BCWD survival days when performing random 
clustering 10-fold CV. The accuracy for each CV set varied 
from 0.49 to 1.09 which indicates that the degree of 

relationship between training and validation animals varied 
within each CV set due to random stochastic sampling. We 
also estimated a pooled accuracy of 0.77 by correlating the 
already known survival days phenotype with predicted 
GEBV for validation animals (n = 583). 

 
Table 3. Accuracy1 of GS for BCWD survival days using 
random clustering 10-fold cross-validation (CV). 

CV set Training  Validation ry,g^ ry,g^ / h sets n  set n 
1 2-10 524  1 59 0.49 0.99 
2 1, 3-10 524  2 59 0.25 0.49 
3 1, 2, 4-10 524  3 59 0.48 0.95 
4 1-3, 5-10 525  4 58 0.37 0.74 
5 1-4, 6-10 525  5 58 0.46 0.93 
6 1-5, 7-10 525  6 58 0.28 0.57 
7 1-6, 8-10 525  7 58 0.54 1.09 
8 1-7, 9,10 525  8 58 0.43 0.86 
9 1-8, 10 525  9 58 0.31 0.63 

10 1-9 525  10 58 0.34 0.67 
Pooled

2 
     0.38 0.77 

1Acuracy of GS estimated dividing correlation ry,g^ by the square root of 
heritability for BCWD resistance (h2 = 0.25); where g^ = GEBV. 
2Correlation estimated using survival days phenotype (y) and predicted 
GEBV for each animal (n= 583) with random clustering 10-fold CV. 

 
 
We observed a disagreement between estimates of 

GS accuracy assessed by the validation sample and CV 
technique. This disagreement can be due to two main 
reasons: (1) the use of a sub-optimal GS experiment with 
small training and validation samples; or (2) the use of an 
up-biased reliability estimate for EBVs in the validation 
animals. We consider that the use of much larger training 
and validation samples will enable increasing the accuracy 
of GS in future studies with rainbow trout.  

 
The predictive performance of GEBV can be 

assessed either with a set of validation individuals that have 
highly accurate EBV (VanRaden et al. (2009)) or by CV 
(Legarra et al. (2008); Saatchi et al. (2011)). For difficult-
to-measure traits such as disease resistance, individuals 
with highly accurate EBV often do not exist. Thus, in such 
cases, CV is the only alternative to assess the predictive 
performance of GEBV. In our CV design, individuals were 
randomly assigned into subsets ignoring family structure. 
This might upward bias accuracy that would result from 
within-family prediction when half-sib or FS families are 
randomly split between reference and validation sets. 
However, in family-based breeding programs with 
salmonid species that can afford splitting large FS families 
into training, validation and selection candidates this is a 
promising approach to perform within-family GS 
(Lillehammer et al. (2013)).  

 
 



Conclusion 
 
The results indicate that the Bayes B method 

yielded higher accuracy of GS than Bayes C for BCWD 
survival days and survival status. For both disease 
phenotypes, the accuracy of GS achieved with Bayes B was 
moderate (0.45-0.50). The low accuracy of GS was due to 
the use of small training and validation samples. However, 
the accuracy of GS evaluated with cross-validation (CV) 
was variable (0.49-1.09) with a pooled accuracy of 0.77.  
The accuracy of GS for BCWD resistance can be increased 
using larger training and validation samples in future 
studies with rainbow trout. 
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