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Summary  

The main objective of the current deliverable was to compare results generated from the WP1 tasks and 

assess the optimal way of implementation of genomic selection in European sea bass and gilthead sea 

bream by estimating the factors that might influence breeding accuracy in multi-trait genomic selection. 

Results were obtained from three different experiments (two in gilthead sea bream and one in European 

sea bass) using two SNP-arrays i.e. one for both bass and bream developed in the Performfish project 

(MedFISH, 30K SNP markers per species) and one only for sea bream (SauChip, 60K SNP markers). 

 

 

1. Genomic selection of resistance to VNN in larval and juvenile sea 
bream (Task 1.3.1 related to Task 1.2.1)  

 

1.1. Materials and Methods 

1.1.1. Production of experimental fish and NNV challenge test 

The experimental fish were produced in a commercial hatchery (three independent full-factorial matings, 

10 sires × 12 dams; 10 sires × 7 dams; 9 sires × 6 dams). Around 1300 sea bream larvae aged 21 days post-

hatching (DPH) were challenged with the reassortant betanodavirus strain (RGNNV/SJNNV; 

VNNV/S.aurata/Farm1/461-1/Nov2014; Toffan et al. 2017) at the experimental facilities of the Istituto 

Zooprofilattico Sperimentale delle Venezie (IZSVe, Legnaro, Padova). Fish were checked three times a day 

to identify symptomatic individuals. Symptomatic larvae were sampled and stored in 96% ethanol for 

genomic DNA extraction. The experiment ended 14 days post-challenge and survivors were sacrificed and 

stored in 96% ethanol. 

 

1.1.2. DNA extraction and SNP array genotyping 

In order to obtain the greatest amount of high molecular weight DNA, a DNA extraction test involving the 

whole larva was performed with three different protocols and kits: 1) a modified salting out protocol 

(SSTNE, Pardo et al, 2005), 2) Cells and Tissue DNA Isolation Micro Kit (Norgen Biotek Corp.) in column, 

and 3) ChargeSwitch® gDNA Tissue Kits (Invitrogen – Life Technologies) with magnetic beads. Every kit 

was tested on 8 specimens. The best result for DNA quality and quantity was obtained with the SSTNE 

method. DNA from parental tissue samples (fins) was extracted with Invisorb Spin Tissue Mini Kit (Invitek 

Molecular GmbH · D-13125 Berlin). For each sample, DNA quantity was measured with Qubit dsDNA BR 

Assay Kit (Invitrogen – Life Technologies) and DNA quality was checked on TAE1X buffer 1% agarose gel.  

The genotyping was performed in the experimental batch and their parents using the MedFish SNP array 

(Peñaloza et al., 2021; Axiom SNP Array technology, Thermo Fisher Scientific, IdentiGEN, Ireland). 
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Axiom™ Analysis Suite v 5.1.1.1 (Thermo Fisher Scientific) was used for Sample QC analysis and genotype 

calling (default parameter values for diploid species; call rate > 97; dish QC > 0.82) resulting in 27,705 SNPs 

retained. 

 

1.1.3. Parentage assignment 

The R package APIS (Auto-Adaptive Parentage Inference Software) version 1.0.1 was used to assign 

parentage (Griot et al. 2020). The parameters were set to the default values, with the exception of the 

error rate, which was set to 5%. 

 

1.1.4. Variance components and heritability 

Marginal posterior distribution for variance components for VNN symptomatology (binary trait; 0 = 

asymptomatic, 1 = symptomatic) were estimated using a Bayesian approach (software TM; Legarra et al. 

2008; 1,000,000 iterations, burn-in of 1,000 samples, thinning interval of 100). 

The following univariate sire-dam threshold model was fitted: 

𝑙𝑗𝑘𝑚 =  𝜇 +  𝑠𝑗 +  𝑑𝑘 +  𝑒𝑗𝑘𝑚  

where 𝑙𝑗𝑘𝑚 is a latent unobservable variable (liability), 𝜇 is the model intercept,  𝑠𝑗 is the random additive 

genetic effect of sire j,  𝑑𝑘  is the random additive genetic effect of dam k, and  𝑒𝑗𝑘𝑚 is a random residual. 

The median of the marginal posterior density was used as a point estimate for variance components and 

heritability. Heritability was computed using the sire component only as 

ℎ2 =  [4(𝜎𝑠
2)]/𝜎𝑝

2 

where 𝜎𝑠
2 is the sire component of the variance and 𝜎𝑝

2 is the phenotypic variance. The 95% highest 

posterior density intervals (HPD95%), the probability for ℎ2 of being greater than 0.2 and the value of ℎ2 

starting the region of values corresponding to a p = 90% were obtained from the estimated posterior 

density of ℎ2 (BOA/R; Smith 2007). 

Genomic variance components and heritability for the different traits were estimated with Bayesian 

procedures using the R/BGLR software (Pérez and De Los Campos 2014) following the methodology 

described by de Los Campos et al. (2015). Three different regression models were implemented: BayesB, 

BayesC and Bayesian Ridge Regression. All models included an intercept and the effect of the genotype, 

coded as the number of copies of the MAF allele (0, 1 or 2), of the animal at 27,705 SNPs. The median of 

the marginal posterior density was used as a point estimate for genomic variance components and 

genomic ℎ2; the HPD 95% were obtained from the posterior distribution of genomic ℎ2. 
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1.1.5. Genome-wide association study (GWAS) 

A genome-wide association study was performed to test the association between the VNN 

symptomatology phenotype and SNP genotypes (27,705 SNPs) using the software GCTA (Genome-wide 

Complex Trait Analysis, Yang et al. 2011). 

A mixed linear model-based association analysis (MLMA) approach was used, following the recommended 

workflow. Firstly, a genetic relationship matrix (GRM) was calculated. Then, a MLM based association 

analysis was performed using the previously calculated GRM following this model: 

y = a + bx + g + e  

where y is the phenotype, a is the mean term, b is the additive effect (fixed effect) of the candidate SNP 

to be tested for association, x is the SNP genotype indicator variable coded as 0, 1 or 2, g is the polygenic 

effect (random effect) and e is the residual. 

 

1.1.6. Prediction of EBV and EBV based on full/ half-sibs information, and performance in 
classification of VNN symptomatology 

EBV for binary VNN symptomatology were predicted using an animal model and the software TM (Legarra 

et al. 2008). The threshold model assumed an underlying distribution 𝜆𝑖 of the categorical traits (VNN 

symptomatology, with y = 0 for the asymptomatics animals, y = 1 for the symptomatics ones). The liability 

was modelled as: 

𝜆𝑖 =  𝜇 +  𝑎𝑖 +  𝑒𝑖 

where 𝜆𝑖 is the liability of animal i, 𝜇 is the model intercept, 𝑎𝑖 is the random additive genetic effect of 

the animal and 𝑒𝑖 is a random residual. 

To obtain EBV that could be comparable to those of a real “traditional” selective breeding approach, we 

based the prediction of the EBV of a set of candidates on the phenotypic information of the full- and half-

sibs, rather than using the individual information as conventionally performed. EBV based on full/half-sibs 

information were predicted through a 5-fold cross-validation (CV). Data were randomly split into five 

equally-sized data segments. 80% of the data was used as a training set to obtain the solutions for the 

remaining 20% of the data (test set). The phenotypes of the animals belonging to the test set were omitted 

from the dataset, but they were maintained in the pedigree file. EBV based on full/half-sibs information 

for each test set were saved and, at the end of the CV, aggregated with those of the other test sets. 

Variance components used to solve the model were those obtained in the previous analyses. The Gibbs 

sampler was run using 100,000 iterations, a burn-in of 5,000 iterations and a thinning interval of 10 

samples. 

Three metrics were used to evaluate the performance in classification of the phenotype for VNN 

symptomatology: the area under the ROC curve (AUC), the classification accuracy (ACC) computed as (true 

positives + true negatives)/total number of samples, and Matthews correlation coefficient (MCC). All the 

metrics were computed in R, package ROCR (Sing et al., 2005). 
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1.1.7. Genomic prediction of VNN symptomatology phenotype and EBV: performance in 
classification 

Genotypes at 27,705 SNPs were used as predictors of the phenotype or EBV for VNN symptomatology 

phenotype. Three Bayesian regression models were fitted to the data (BGLR/R; Pérez and de Los Campos, 

2014): Bayes B, Bayes C and Bayesian Ridge Regression. The model was the following: 

𝑦𝑖 =  𝜇 +  ∑ 𝑏𝑠 𝜒𝑠𝑖

𝑠

𝑠=1

+  𝑒𝑖 

Where 𝑦𝑖  was the observed phenotype or the EBV of animal i, 𝜇 is the model intercept, 𝜒𝑠𝑖  is the genotype 

at SNPs, coded as the number of copies of the MAF allele (0, 1 or 2), 𝑏𝑠 is the allele substitution effect for 

the MAF allele at SNPs (to be estimated), S is the total number of SNPs (27,705), and 𝑒𝑖 is a random 

residual. Each Bayesian analysis was carried out generating a single Gibbs chain of 800,000 samples (burn-

in = 100,000 iterations, thinning interval = 50 samples). 

The Random Forest (RF; Breiman, 2001) classification of VNN symptomatology phenotypes and the RF 

regression analysis of EBV were implemented using the randomForestSRC package in R software 

(Ishwaran and Kogalur, 2018). The predictors (p = 27,705) were the genotypes coded as described 

previously. The number m of predictors randomly sampled for node splitting was set as the default, i.e., 

√𝑝 for classification and p/3 for regression (Liaw and Wiener, 2002). 80,000 trees and a terminal node 

size of 10 were enough to stabilize the prediction and classification errors. 

The Pearson product-moment correlation ® between observed and predicted values of EBV was computed 

as a measure of prediction accuracy. 

The metrics used to assess the prediction and classification performance of the Bayesian models and RF 

algorithm were computed in a set of 5 independently‑generated 5-fold CV. The metrics AUC, ACC and 

MCC were computed in ROCR/R (Sing et al., 2005). 

 

1.2. Results 

1.2.1. NNV challenge test 

Mortality reached a peak on day 7 post-challenge. A total of 558 symptomatic larvae were sampled on 

day 7 and 8 post-challenge. 671 animals were identified as survivors and were sacrificed at the end of the 

experiment. 

 

1.2.2. DNA extraction, genotyping and parentage assignment 

DNA was successfully extracted from 1,044 larvae using the SSTNE method and from 54 parental tissue 

samples using the Invisorb Spin Tissue Mini kit. 

975 offspring and 54 parents were successfully genotyped; 69 offspring of the 1,044 were discarded from 

the dataset because of poor genotyping results. Of the 975 offspring, 47% were NNV-symptomatics and 

53% asymptomatics. 



D1.7: GBLUP and GWAS using the SNP tool   
 

10 

 

In total, 160 full-sibs families were identified from 23 dams and 29 sires, with the number of offspring per 

family ranging from 1 to 55. The number of offspring per sire ranged from 1 to 125, while the number of 

offspring per dam ranged from 1 to 339. After removing one sire and one dam that generated only one 

offspring, 972 individuals from 22 dams and 28 sires were retained (159 full-sibs families). 

 

1.2.3. Variance components and heritability 

Variance components and heritability are reported in Table 1, as well as the 95% highest posterior density 

interval (HPD95%) and the probability for ℎ2 of being greater than 0.2. The value of ℎ2 starting the region 

of values corresponding to a p = 90% was identified as 0.0654. 

Genomic variance components and genomic heritability are reported in Table 2, as well as the HPD95%. 

 

Table 1.Variance components and heritability (𝒉𝟐) for VNN symptomatology, probability for 𝒉𝟐 of 

being greater than 0.2 and the 95% highest posterior density interval (HPD95%) 

𝝈𝒅
𝟐  𝝈𝒔

𝟐 𝝈𝒂
𝟐 𝝈𝒑

𝟐 𝒉𝟐 P ( 𝒉𝟐 ≥ 
0.2) 

HPD95% 

0.0750 0.0545 0.2181 1.1408 0.1921 0.4922 0.0006, 0.5790 

𝜎𝑑
2: dam component of the variance; 𝜎𝑠

2: sire component of the variance; 𝜎𝑎
2: additive genetic variance; 𝜎𝑝

2: 

phenotypic variance 

 

Table 2.  Genomic variance components and genomic heritability (𝒉𝟐) for VNN symptomatology, and 

the 95% highest posterior density interval (HPD95%) 

Method 𝝈𝒂
𝟐 𝝈𝒑

𝟐 𝒉𝟐 HPD95% 

Bayes B 0.2223 1.1819 0.1819 0.1063, 0.2624 

Bayes C 0.2417 1.1947 0.1947 0.1179, 0.2834 

Bayes Ridge 
Regression 

0.2322 1.1884 0.1884 0.1204, 0.2594 

𝜎𝑎
2: additive genomic variance; 𝜎𝑝

2: phenotypic variance 
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1.2.4. GWAS analysis 

The GWAS failed to identify any genome-wide QTL associated to the phenotype overcoming the 

significance threshold (Figure 1). 

 

Figure 1. Genome-wide association plots for VNN symptomatology. The red line identifies the genome-

wide significance threshold as 0.05/N with N as the total number of markers after Bonferroni correction 

and −𝒍𝒐𝒈𝟏𝟎 transformation. 

 

1.2.5. Prediction of EBV and EBV based on full/ half-sibs information, and performance in 
classification of VNN symptomatology 

The performance in classification of VNN symptomatology when EBV and full/half-sibs based EBV were 

used as classifiers is reported in Table 3. 

 

1.2.6. Genomic prediction of VNN symptomatology phenotype and EBV: performance in 
classification 

The prediction accuracies of the EBV for VNN symptomatology are reported in Table 4. The performance 

in classification of VNN symptomatology when the genomic predictions of the phenotype or of the EBV 

were used as classifiers are reported in Table 5 and Table 6, respectively. 
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Table 3. Metrics of classification performance for estimated breeding values (EBV) and full/half-sibs 

based EBV used as classifiers of VNN symptomatology 

Classifier Metric 

AUC ACC MCC 

EBV 0.9054 0.8644 0.7304 

Full/half-sibs 
based EBV 

0.5875 0.5798 0.2550 

AUC: area under the ROC curve; ACC: accuracy as (true positives + true negatives)/number of samples; MCC: 

Matthews correlation coefficient 

 

Table 4. Average accuracy (SD) of predictions of the EBV for VNN symptomatology provided by the 
Bayesian models and the Random Forest algorithm in 5 independent 5-fold cross validations 

Method r 

Bayes B 0.9027 (0.0015) 

Bayes C 0.9028 (0.0015) 

Bayes Ridge Regression 0.9028 (0.0016) 

Random Forest 0.8957 (0.0015) 

r : Pearson product-moment correlation between the observed and the predicted values 

  

Table 5. Average metrics (SD) of classification performance for genomic predictions of VNN 
symptomatology used as classifier of the observed trait 

Method Metric 

AUC ACC MCC 

Bayes B 0.5813 (0.0166) 0.5694 (0.0162) 0.1752 (0.0239) 

Bayes C 0.5969 (0.0134) 0.5811 (0.0131) 0.1758 (0.0231) 

Bayes Ridge Regression 0.6014 (0.0134) 0.5825 (0.0088) 0.1778 (0.0215) 

Random Forest 0.6004 (0.0071) 0.5828 (0.0077) 0.1857 (0.0151) 

AUC: area under the ROC curve; ACC: accuracy as (true positives + true negatives)/number of samples; MCC: 

Matthews correlation coefficient 
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Table 6. Average metrics (SD) of classification performance for genomic predictions of EBV used as 
classifier of the VNN symptomatology 

Method Metric 

AUC ACC MCC 

Bayes B 0.6567 (0.0015) 0.6165 (0.0059) 0.2368 (0.0075) 

Bayes C 0.6566 (0.0015) 0.6165 (0.0055) 0.2368 (0.0080) 

Bayes Ridge Regression 0.6567 (0.0016) 0.6163 (0.0052) 0.2359 (0.0076) 

Random Forest 0.6603 (0.0249) 0.6354 (0.0156) 0.2913 (0.0433) 

AUC: area under the ROC curve; ACC: accuracy as (true positives + true negatives)/number of samples; MCC: 

Matthews correlation coefficient 

 

1.3 Discussion 

This is the first study exploring the genetic basis of VNN resistance in gilthead sea bream and assessing 

the accuracy in the prediction of the phenotype and EBV for the same trait, provided by three Bayesian 

regression models and a machine learning algorithm (RF). Significant additive genetic variability for VNN 

symptomatology was detected ( ℎ2 = 0.19), which is in the range of values detected for European sea bass 

VNN resistance (0.14-0.38; Doan et al. 2017, Faggion et al. 2021, Griot et al. 2021, Palaiokostas et al. 2018); 

it must be noted that those experiments were performed in fish of different size and age, and also the 

methods of infection are different (immersion vs. injection). The pedigree-based heritability is consistent 

with genomic heritability (genomic ℎ2 = 0.19). The GWAS failed to identify any genome-wide significant 

QTL for VNN resistance, in contrast to what has been recently detected in European sea bass using a SNP 

panel of about 40,000 markers (Griot et al. 2021). 

The Bayesian regression models and the RF algorithm provided consistent results. The predictive accuracy 

for EBV was more than satisfactory (r = 0.90). When EBV were used as classifiers of the symptomatology 

phenotype, the performance was more than satisfactory (AUC = 0.91), but these data are normally not 

available, as the challenge trials are performed on the full/half-sibs of the candidate breeders. Full/half-

sibs based EBV resulted in a moderate classification performance (AUC = 0.59), while the use of genomic 

data to predict the EBV slightly improved the classification performance (AUC = 0.66). Overall, these 

results are promising and the practical exploitation of genomic information due to the availability of 

genome-wide dense marker panels might offer the opportunity of developing prediction tools for a 

complex trait such as VNN resistance in gilthead sea bream. 
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2. Genomic selection of gilthead seabream for feed efficiency (Task 
1.3.2 related to Task 1.2.2) 

 

In the Task 1.2.2 (Analysis of family and genomic variation of feed efficiency), we phenotyped sea bream 

for individual feed efficiency using individual aquaria, according to a methodology developed in European 

sea bass by Besson et al. (2019). The fish were then genotyped with the newly developed 57K SNP-array 

(SaurChip, Griot et al., 2021) from the GENESEA project to evaluate the genetic architecture of feed 

efficiency in this species. 

 

2.1. Material and methods 

2.1.1. Experimental animals 

Artificial mating was performed in September 2018, using 61 sires and 28 dams from the FMD breeding 

company selected line. The fertilized eggs of each dam were incubated separately. After hatching, larvae 

were transferred in a single tank and reared in common environmental conditions. At 91 days post-

hatching (dph), about 800 randomly selected sea bream (average body weight= 2.7 g) were tagged with 

Passive Integrated Transponders and individual DNA sampling was performed for further parentage 

assignment and genotyping. The fish were transferred at 108 dph to the IFREMER premises in Palavas-les-

Flots (France) and randomly split in 2 tanks of 1.5 m3 in a recirculation system with natural salinity water 

kept at 20 o C. They were first individually weighed at 136 dph (BW_136, mean weight = 17.21 g) and then 

at 161 dph (BW_161, mean weight = 38.79 g). At 161 dph, we started the individual feed efficiency 

experiment in aquaria. 

 

2.1.2. Individual feed efficiency challenge 

Sea bream were placed individually in 10L aquaria with a restricted and known amount of feed for 3 

periods of 2 weeks. The first period was considered as an acclimation period and the 2 last periods were 

used to estimate different individual feed efficiency phenotypes. Hence, we measured feed conversion 

ratio (FCR), daily growth coefficient (DGC) and residual body weight gain (rBWG). 537 fish were 

phenotyped and after genotyping all of them, 516 fish were kept for further phenotypic and genetic 

analysis. 

 

2.1.3. DNA parentage assignment 

Sibs were genotyped by the Gentyane/INRAE genotyping platform (Clermont-Ferrand, France) with a SNP 

array of 57,000 markers (Thermofisher, SaurChip, Griot et al., 2021) developed by the partners in the 

previous GeneSea European Marine and Fisheries Fund (EMFF) project. Parentage assignment was done 

with the APIS software (Griot et al., 2020).  



D1.7: GBLUP and GWAS using the SNP tool   
 

15 

 

2.1.4. Estimation of genetic parameters and breeding values 

Heritabilities as well as estimated breeding values (EBV) were computed with GBLUP models using 

genomic data. With the GBLUP method, the relationships between fish are based on the genomic 

relationship matrix (G matrix) instead of the classical pedigree-based relationship matrix (A matrix). 

Therefore, GBLUP and PBLUP models might rank the animals differently, which would affect the choice of 

the best animals for the breeders. To assess this impact of using genomic data on animal’s ranking we 

estimated the Spearman rank correlation between PBLUP and GBLUP. 

Furthermore, in such cases where only few animals are phenotyped and genotyped, GBLUP models have 

theoretically higher efficiency than PBLUP when predicting the breeding values of breeding candidates 

that did not undergo the phenotyping process. To validate this assumption, we compared the accuracies 

of (G)EBVs predictions of GBLUP and PBLUP models. This was done by performing cross-validation tests. 

In addition, the high number of markers genotyped per fish allowed us to go further into the analysis of 

the genetic background of individual feed efficiency by performing a “Genome-wide association study” 

(GWAS). This type of analysis searches for SNPs that could be significantly linked to feed efficiency traits 

(QTL). Finding such QTL could further enhance the efficiency of genomic selection of feed efficiency. 

  

2.1.5. Accuracy of genomic prediction 

We performed cross-validation tests and estimated the accuracies of PBLUP and GBLUP models. This 

cross-validation scheme followed four steps:  

1)     First, we estimated the corrected phenotypes (Y). In this step, all performances recorded for rBWG 

were corrected for fixed effects using the PREDICTF90 software. 

2)     Second, we estimated the EBV for rBWG of all 516 fish while masking the phenotypes of a validation 

group composed of 20% of the fish (103 fish with phenotypes set missing). The EBV were estimated with 

a bivariate model including rBWG and BW_136 (weight at 136 days post hatching) using the BLUPF90 

program. Here, on the same validation group set, we calculated predicted GEBV with genomic information 

in a GBLUP model and predicted EBV only with pedigree information in a PBLUP model.  

3)     Then, we calculated the correlation between corrected phenotypes (Y) and predicted EBV (𝑟𝐸𝐵𝑉,𝑌) for 

the 103 fish of the validation group. 

4)    The accuracies 𝑅𝐸𝐵𝑉,𝑌 of PBLUP and GBLUP models were estimated using the following formula: 
𝑟𝐸𝐵𝑉,𝑌

√ℎ𝑝𝑒𝑑
²

 

Where ℎ𝑝𝑒𝑑
²  is the heritability of rBWG estimated by PBLUP including all fish with phenotypes (ℎ𝑝𝑒𝑑

²  = 0.22 

± 0.09) 

5) Finally, all steps from 2) were repeated 50 times to get 50 estimates of accuracy for GBLUP and PBLUP 

models. Each time, another 103 fish were randomly picked with phenotypes set missing. 
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2.1.6. GWAS for individual feed efficiency 

We used the BLUPF90 suite of programs to perform GWAS under multi-marker linear regression models 

using GBLUP for individual feed efficiency in aquaria. The breeding values were estimated with BLUPF90 

using the linear bi-variate model including BW_136 and one of the individual feed efficiency traits 

(log(FCR), log(DGC) or rBWG). The p-values were obtained from POSTGSF90. The –log10 of the p-values 

were compared to the chromosome-wide significance threshold and to the genome-wide significance 

threshold at 5% after Bonferroni correction for the average number of markers per chromosome and the 

total number of markers, respectively. 

 

2.2. Results 

2.2.1. Genetic parameters 

As reported in Table 7, individual feed efficiency in sea bream had genetic variation and was heritable.  

 

Table 7. Heritability and genomic correlations between individual feed efficiency traits. Heritabilites 
are on the diagonal, genomic correlations are above the diagonal and phenotypic correlations are 
below the diagonal 

 log(FCR) log(DGC) rBWG 

log(FCR) 0.20 (0.07) -0.93 (0.56) -0.95 (0.16) 

log(DGC) -0.93 0.17 (0.06) 0.90 (0.17) 

rBWG -0.86 0.70 0.25 (0.07) 

 

2.2.2. Spearman rank correlation 

The Spearman rank correlation between the GEBVs and the EBVs calculated for rBWG was 0.87 when 

considering all the 516 fish phenotyped and genotyped (Figure 2). In Figure 2, we could also notice that 

the regression coefficient of the regression line is lower than the regression coefficient of the identity line 

meaning that the highest-ranking animals with EBV tend to have a lower ranking with GEBV. For instance, 

among the 50 best animals based on EBV, only 39 animals are also among the 50 best animals based on 

GEBV. 

 

2.2.3. Accuracies of (G)EBVs predictions  

The correlation between corrected phenotypes and predicted EBV (𝑟𝐸𝐵𝑉,𝑌) was on average 0.25 for the 

GBLUP model and 0.20 for the PBLUP model. Consequently, the accuracies were on average 0.53 for the 

GBLUP models and 0.42 for the PBLUP models (Figure 3).  

Among all 50 runs, there were 10 runs where the accuracy of the PBLUP model was higher than the GBLUP 

model (Figure 4). On average, over the 50 runs, the increase in accuracy was 35%. A pairwise t-test showed 
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that the difference in accuracy between GBLUP and PBLUP models was significant (t = 6.1896, p-value = 

1.194e-07). 

 

 

Figure 2. Correlation between EBVs and GEBVs calculated for rBWG for the 516 individuals with 
phenotypes and genotypes. The black line is the regression line while the red line is the identity line x=y. 

 

 

Figure 3. Boxplot of accuracy of GBLUP and PBLUP models for rBWG considering 50 runs with a 
validation group of 103 fish. 
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Figure 4. Pairwise comparisons of accuracy between PBLUP and GBLUP models for all 50 runs. The red 

lines highlight the runs where the PBLUP model out-performed the GBLUP model. 

 

2.2.4. GWAS 

The GWAS analysis on feed efficiency traits did not highlight any significant QTL that could explain a large 

part of the genetic variation (Figure 5). 

 

2.3. Discussion - conclusion for Task 1.3.2 

Applying a method using restricted feeding in individual aquaria previously developed in European sea 

bass (Besson et al., 2019), we could successfully phenotype 537 juvenile sea bream for individual feed 

efficiency. FCR was heritable (h²=0.20), and strongly negatively correlated with growth in aquaria under 

restricted feeding (rG=-0.93), meaning that collection of uneaten pellets (which is not necessary for 

phenotyping of growth rate under restricted feeding) can be avoided to select sea bream for feed 

efficiency with this method. However, we must note that heritability and genetic correlations were lower 

than those observed with sea bass in Besson et al. (2019). Using genomic data was useful to increase the 

accuracy of EBV prediction. The accuracy of the GBLUP model was higher by 35% than that of the PBLUP 

model. Hence, as the expected genetic gain is directly dependent on the accuracy of EBV prediction, we 

can say that using genomic data in a GBLUP model could improve the response to selection. These results 

confirm the importance of genomic information for the genetic selection of traits that are difficult to 

measure, which results in only a few phenotypes available. GWAS for feed efficiency was performed for 

the first time in this species, and showed no significant QTLs. This highlights the fact that feed efficiency 

is a highly polygenic trait with no region of the genome explaining a large part of the genetic variation. 

Thus, genomic selection using the genetic relationship matrix seems to be the best approach to select sea 

bream for feed efficiency. 
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Figure 5. Manhattan plot of -log10(p-value) obtained by GWAS for log(FCR), log(DGC) and rBWG (from 
top to bottom). The horizontal full black line represents the genome-wide significance threshold while 
the dashed black line represents the chromosome-wide significance threshold calculated with the 
Bonferroni correction. 
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3. Genomic selection of European sea bass for the Lernanthropus 
kroyeri parasitic disease challenge (Task 1.3.3 related to Task 
1.2.3.1) 

 

In the Task 1.2.3.1. (Heritability of parasite resistance in European sea bass), we explored the existence of 

genetic variation in parasite resistance for two major parasite threats (Lernanthropus kryoeri and 

Diplectanum aequans) in sea bass in Mediterranean aquaculture. The results of this study have just been 

published in the Journal of Aquaculture Reports [Papapetrou et al. 2021, “On the trail of detecting genetic 

(co)variation between resistance to parasite infections (Diplectanum equans and Lernanthropus kroyeri) 

and growth in European seabass (Dicentrarchus labrax)”, Aquaculture Reports 20 (2021): 100767]. Based 

on the estimated genetic variances and covariances of this study we have estimated EBVs for parasite 

resistance and fulfill the Deliverable D1.3 “Report for EBVs for vibriosis and parasites infections” of the 

project. 

However, parasite count is a very laborious measurement that can only be made after death and 

consequently any selection method applied has to concentrate on sib or progeny testing, something that 

would affect negatively, respectively, the accuracy and the generation interval of the selection and 

therefore delay the response to selection. Therefore, in Task 1.3.3 (Genomic selection of European sea 

bass for one of the two parasitic disease challenges), the project further explores the genetic resistance 

to this parasite (L. kroyeri) infection using genomic tools, a SNP-array. In particular, seabass from the 

parasitic challenge with Lernanthropus kryoeri from Task 1.2.3.1. was genotyped with an SNP tool and all 

the steps of genotypes control, GWAS and estimation of genomic breeding values (GEBVs) and their 

accuracy compared to classic polygenic EBV (ranking comparisons) were performed. 

 

3.1. Materials and Methods 

A sample of 1,033 European sea bass fish originating from 85 males and 35 female broodstock was 

selected for a Genome Wide Association analysis (GWAS). Selective genotyping was applied for the sample 

based on the discordant EBVs (as estimated using a multi-trait animal model from the genetic parameters 

estimated in the trials of Task 1.2.3.1) of the progeny in parasite (L. kroyeri) count and the within family 

variation of parasite count (Table 8). The samples selected were genotyped with the SNP array developed 

within the project (30k MedFish SNP array) by the partner IMBCC-HCMR. The trials of natural cohabitation 

with the Lernanthropus kryoeri and the method of measurement of parasite count were described in the 

Deliverable 1.3. The traits recorded were: 

·    weight at tagging (WAT), 

·    weight before transfer to sea cages (W2), 

·    weight at two months after stocking in the cages (W2M), 

·    weight at four months after stocking in the cages (W4M), 

·    weight at six months after stocking in the cages (W6M), 

·    growth at sea cages (Growth at sea (GAS) = W6M – weight before transfer to sea cages 

·    parasite count (PC). 
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Table 8. Fish selected for genotyping using the MedFish-array; a) selected for discordant EBVs, and b) 
selected for high Within Family Variance (WFV) 

 

 

3.1.2. Genotyping and Quality Control 

Quality control of the genotypic data were applied using the company’s (ThermoFisher AxiomTM) SNP chip 

software (Axiom Suite) and the Plink software (Purcell et al., 2007). The following quality criteria were 

selected; SNP call rate 90%, MAF 0.05, HWE 10-6, while only offspring with minimum of 90% of the genome 

participated in the analysis. 

 

3.1.3. Genome Wide Association analysis (GWAS) 

A univariate linear mixed model was used in order to predict the association between SNPs and each 

phenotype. No fixed effects were included in the model; there was no population stratification (since fish 

were originating from a single batch of broodstock and the trial took place in one site) and the polygenic 

component was estimated using the Genomic Relationship Matrix (GRM) and it was fitted as random 

effect. The five measurements for body weight (WAT, W2, W2M, W4M, W6M), the growth measurement 

(GAS) and the Parasite Count (PC) were tested using the above model. GWAS analysis was performed 

using GEMMA software (Zhou and Stephens, 2012). Bonferroni correction method was used (Bonferroni, 

1936). Finally, the proportion of phenotypic variance (PVE) explained by a given SNP was estimated as in 

Shim et al. (2015) in order to estimate the SNP effect on each trait. 
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3.1.4. Estimation of heritability and Genomic Breeding Values (GEBVs) 

Genomic Heritability and correlations were estimated using Maximum Likelihood (ML) approach and 

Genomic breeding values (GEBVS) for the Parasite Count (PC), the body weight measurements (WAT, W2, 

W2M, W4M, W6M) and the growth measurement (GAS) were estimated using the Genomic Best Linear 

Unbiased Prediction (single step GBLUP) approach. Heritability and GEBVS were estimated using 

AIREMLF90 and BLUPF90 (Misztal et al., 2018). A multivariate analysis was utilized, however, for 

convergence purposes different combinations of trivariate analysis utilizing Parasite Count and body 

weight and growth traits were used. 

Furthermore, 10% of the offspring was selected randomly and their phenotypes were masked in order to 

estimate the accuracy. The correlation between phenotypes and breeding values in the masked offspring 

was divided by the root of the heritability for each model and trait. Finally, the correlation between EBVs 

[Estimated Breeding values, using PRM (Pedigree Relationship matrix)] and GEBVs [Genomic Estimated 

Breeding values, using GRM (Genomic Relationship Matrix)]was calculated using the Pearson and 

Spearman (ranking) method. The correlations were calculated in R (R Core Team, 2020). 

 

3.2. Results 

3.2.1. Descriptive statistics of traits 

The descriptive statistics on the traits recorded are presented in Table 9. Moreover, the distribution of 

body weight traits, growth traits and parasite count can be seen in Figure 6 and Figure 7. 

 

Table 9. Descriptive statistics on traits recorded 
 

WeightTagging 
(g) 

W2 
(g) 

W2M 
(g) 

W4M 
(g) 

W6M 
(g) 

PC GAS 
(g) 

Average 12.7 19.4 53.5 117.7 174.7 25.4 155.3 

Sdev 2.35 4.42 10.85 23.80 38.60 13.13 36.93 

Number of 
measurements 

985 984 982 984 975 985 974 

Max 20.6 34.4 82.0 179.0 290.0 84.0 266.7 

Min 6.7 8.0 22.0 26.0 40.0 1.0 25.3 
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Figure 6. Histograms of bodyweight (WAT, W2, W2M, W4M, W6M) and growth trait (GAS). 

 

 

Figure 7. Histogram of Parasite Count (PC). 
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3.2.2. Genotyping and Quality Control 

Out of the 1,170 samples 50 failed to produce sufficient quantity and quality DNA in order to proceed with 

genotyping with the MedFish 30k SNP array. From the remaining 1,121 samples, 43 samples and 1,625 

SNP, out of the 29,888 total SNP of the array, failed the quality genotype filtering of the Axiom Suite 

(ThermoFisher AxiomTM). Consequently, 1,078 fish were available with 28,263 SNP markers. 

26,821 SNPs were filtered using the following parameters; SNPs call rate lower than 90%, minor allele 

frequency lower than 0.05 and deviation of Hardy–Weinberg equilibrium p<0.00001. Moreover, 

individuals were filtered based on sample call rate lower than 90% and genotype similarity of more than 

98%. Out of the total number of SNPs and individuals, 26,821 and 1,078 [985 offspring and their 91 parents 

(58 sires and 33 dams)] were used for further analysis, respectively. From the 92 full sib families 

participating in the experiment, 91 were represented in the genotyped selected sample (selective 

genotyping), however, out of the average 25 offspring per family, the number of offspring of the sample 

was between 3 and 19 offspring per family. 

Out of the total number of SNPs, 25,934 were distributed on 24 chromosomes while the remaining 887 

SNPs could not be assigned to a chromosome and were included on one chromosome named 25 (Table 

10 and Figure 8). Based on the karyotype of the European Sea bass, there are 24 chromosomes (Sola et 

al., 1993), thus, chromosome 25 includes the unlinked SNPs. Chromosomes 6 and 4 included the highest 

and lowest number of SNPs in comparison with the rest of the chromosomes, 1,310 and 642, respectively. 

 

Table 10. Number of SNP markers per chromosome 

 

 

Figure 8. Distribution of SNP markers on the chromosomes. 
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 3.2.3. Genome Wide Association analysis (GWAS) 

No significant SNP trait associations were observed for the bodyweight and growth trait (GAS) (Figure 9). 

However, relatively compact SNP LOD-score trailing (high but not significant multiple SNP associations) 

could be observed at early growth stages such as weight before transfer to sea cages (W2, chromosomes 

18 and 24) and weight after two months at sea cages (W2M, chromosomes 10 and 15). 

Parasite count distribution appears to have skewness (0.802). In order to see if there is any effect of the 

distribution skewness on the analysis we repeat the analysis on transformed data [ln(PC+25)], in which 

the skewness is minimized (0.062). The results of the Genome Wide Association analysis in untransformed 

(PC) and transformed [ln(PC+25)] data are presented in Figure 10 and Figure 11. 

Moreover, fitting the weight at parasite count as a covariate in Genome Wide Association analysis of 

Parasite Count does not affect the results of the analysis (data not shown). 

 

Figure 9. Manhattan plots from Genome Wide Association analysis for bodyweight (WAT, W2, W2M, 
W4M, W6M) and growth traits (GAS). Blue line 0.1 threshold of significance and red line 0.05 threshold 
of significance after Bonferroni correction. 
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Figure 10. Manhattan plot from Genome Wide Association analysis for Parasite Count (PC). Blue line 
0.1 threshold of significance and red line 0.05 threshold of significance after Bonferroni correction. 

 

Figure 11. Manhattan plot from Genome Wide Association analysis for transformed Parasite Count 
[ln(PC+25)]. Blue line 0.1 threshold of significance, and red line 0.05 threshold of significance after 
Bonferroni correction. 
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The two SNPs are on the 0.1 and 0.05 thresholds of significance on chromosomes 8. However, the 

estimated effects of those SNP seem to be low (2% and 1.9% of the total phenotypic variance, respectively,  

The correlations of all the Estimated Breeding Values (EBVs) and Genomic Estimated Breeding Values 

(GEBVs) are presented in Table 17.  

 

Table 11). 

 

3.2.4. Estimation of Heritability and Genomic Breeding Values (GEBVs) 

A multivariate analysis was utilized for the estimation of genomic heritabilities and correlations. The 

estimates of heritability as they were estimated using the Genomic Relationship Matrix (GRM) from 

26,821 SNPs (i.e., genomic heritability), seem to be higher than the estimated heritability using the 

pedigree information (see D1.3). For example, the genomic heritability of weight at tagging (WAT) was 

higher by 0.05, weight at six months after stocking in the cages (W6M) was higher by 0.06 - 0.07, and of 

growth at sea cages (GAS) by 0.09 - 0.1 (Table 12,  

 

Table 13, Table 14). Moreover, the genomic heritability estimate of Parasite Count (PC) was much higher 

than the pedigree one (0.71 vs 0.28 resp.) indicating a possible major gene effect. The use of the weight 

at parasite count as a covariate in the Parasite Count (PC) measurements did not affect the heritability or 

correlation estimates (data not shown).  

In terms of accuracy of the estimated GEBVs in a univariate model, the correlation between GEBV and 

phenotype divided by the root of the genomic heritability estimate was used. In Table 15, we can observe 

that GEBVs can provide substantial accuracy as far as Parasite Count is concerned and early bodyweight 

measurements [weight at tagging (WAT) and weight before transfer to sea cages (W2)]. However, the 

accuracy of GEBVs seems to be very low in later bodyweight (W2M, W4M, W6M) and growth (GAS) 

measurements. Moreover, the accuracy of EBVs when the “all data” set is used (Papapetrou et al. 2021) 

is much higher for those bodyweight traits. However, the correlation between EBVs and GEBVs seem to 

be high even in late bodyweight (W6M) and growth (GAS) measurements (Table 16). The correlations of 

all the Estimated Breeding Values (EBVs) and Genomic Estimated Breeding Values (GEBVs) are presented 

in Table 17.  

 

Table 11. Estimated effects of SNPs on Chromosome 8 

SNP 
P-value 

Bonferroni 
(26,821) 

Alternative 
bonferroni 

(23,987) 
PVE 

AX-373127007 0.0000023034 
0.0000018642 0.0000020845 

0.0206 

AX-373218583 0.0000060397 0.0189 
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Table 12. Genomic heritability estimates of traits for L. kroyeri (on diagonal with bold font), genetic 
correlation (above diagonal) and phenotypic correlation (below diagonal) between the traits 

 W6M PC GAS 

W6M 0.40 (0.05) 0.24(0.1) 0.99 (0.0) 

PC 0.12(0.04) 0.71(0.04) 0.20(0.0) 

GAS 0.99(0.0) 0.08(0.04) 0.38(0.05) 

 

 

Table 13. Genomic heritability estimates of traits for L. kroyeri (on diagonal with bold font), genetic 
correlation (above diagonal) and phenotypic correlation (below diagonal) between the traits  

Ratio WAT PC GAS 

.  0.56(0.05) 0.24(0.08) 0.28(0.1) 

PC 0.24(0.04) 0.71(0.04) 0.20(0.1) 

GAS 0.25(0.04) 0.08(0.04) 0.39(0.05) 

 

Table 14. Genomic heritability estimates of traits for L. kroyeri (on diagonal with bold font), genetic 
correlation (above diagonal) and phenotypic correlation (below diagonal) between the traits 

Ratio W6M PC W2 

W6M 0.41(0.05) 0.24(0.1) 0.56(0.08) 

PC 0.12(0.04) 0.71(0.04) 0.40(0.07) 

W2 0.42(0.03) 0.35(0.04) 0.60 

 

Table 15. Accuracy of EBVs and GEBVs and their correlations with the phenotype. Both EBVs and GEBVs 
are estimated from the selected sample 

Trait Correlation  
(Phenotype and GEBV) 

Accuracy of 
GEBV 

Correlation  
(Phenotype and EBV) 

Accuracy of 
EBV 
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WAT 0.60 0.82 0.53 0.60 

W2 0.61 0.81 0.58 0.64 

W2M 0.33 0.5 0.23 0.28 

W4M 0.29 0.45 0.18 0.22 

W6M 0.31 0.49 0.21 0.28 

PC 0.7 0.86 0.54 0.63 

GAS 0.23 0.4 0.19 0.26 

Table 16. Pearson correlations between EBVs and GEBVs (multivariate model) for body weight 
measurements (W6M), growth (GAS) and Parasite Count (PC) 

Traits Correlation between EBVs and 
GEBVs 

W6M 0.92 

PC 0.93 

GAS 0.91 

 

Table 17. Pearson Correlation between ranking EBVs and ranking GEBVs (multivariate model) for body 
weight measurements (W6M), growth (GAS) and Parasite Count (PC) 

Traits Correlation between EBVs and GEBVs 

W6M 0.91 

PC 0.92 

GAS 0.91 

 

3.3. Discussion 

A selective genotyping was performed in the European seabass, to improve our knowledge on the effects 

of host resistance against the L. kroyeri parasite on growth and to examine the possibility to include it in 

the main selection traits for the European seabass. For this purpose, heritability and breeding values of 

growth and parasite count were estimated and GWAS was performed to identify SNP affecting them. 

 

3.3.1 Estimation of Heritability 

Ectoparasite infections from Caligus rogercressey, Lepeophtheirus salmonis, Ichthyophthirius multifliis, 

Neoparamoe baperurans have been studied in the Atlantic Salmon, resulting in moderate heritability 

(from 0.20 to 0.36) (Lhorente et al. 2012, Gjerde et al. 2011, Lira et al., 2020, English et al., 2019; Slinger 

et al., 2021, Robledo et al., 2018, Taylor et al., 2007) in host resistance. In Mediterranean species such as 

the European seabass, limited information is available for the genetic architecture of the host resistance 

against the L. kroyeri parasite. However, the studies have shown that the reported heritability of 
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bodyweight ranges from 0.47 to 0.63 in the European seabass (Duport-Nivet et al. 2008, Saillant et al. 

2009, Volckaert et al. 2012, Vandeputte et al. 2016, Ferrari et al. 2016, Chatziplis et al. 2020), 

The heritability of the body weight and parasite count was estimated using the Genomic relationship 

matrix as well as the pedigree relationship matrix in D1.3. Genomic (based on GRM) heritability estimates 

were found higher than the genetic (based on PRM) heritability for the body weight and parasite count. 

However, a different pattern was detected for the trait “growth at sea” (GAS). For Parasite count, the 

Genomic heritability (0.71) was higher than the one resulting from the traditional pedigree approach with 

the all data set (0.28, Papapetrou et al. 2021) from which the sample for this study was selectively 

genotyped. Moving on, the heritability of the body weight at six months after placement in the cages 

(W6M) was estimated at 0.40-0.41, using the GRM, and 0.36 using the PRM. For “Growth at sea” (GAS) 

the heritability was estimated at 0.38-0.39, using the GRM, and 0.29 using the PRM. 

The increased estimates of heritability when using the GRM could be explained by the selected sample 

which was used in the present analysis. In the Task 1.2.3.1, 2,435 fish from 92 full sib families were 

analyzed using pedigree-based analysis and 985 fish from the 91 families (58 sires and 33 dams) were 

analyzed using the GRM. Consequently, the overestimation in both methods (PRM and GRM) is most 

probably caused by the sample size and the selective genotyping. 

Genetic correlation between body weight at six months after placement in the cages (W6M) and parasite 

count using GRM and PRM, provided similar results (i.e. 0.24 using GRM, 0.22 using PRM). However, when 

the genetic correlation between weight at tagging (WAT) and parasite count was examined, different 

estimates were detected, 0.40 using PRM, and 0.24 using GRM. The same pattern was found when the 

genetic correlation between growth at sea cages (GAS) and parasite count was estimated. Using the PRM, 

no correlation was detected (i.e. 0.09) while using the GRM, low correlation was identified (i.e. 0.20). 

Since the parasite count and body weight at six months (W6M), after placement in the sea cages, 

measurements were performed at the same time they are considered as the most representative, thus, 

low genetic correlation between them exists. Those findings supported also by the low genetic correlation 

were identified between bodyweight, which includes W6M, and parasite count (Table 6). 

 

3.3.2 GWAS analysis 

In Atlantic salmon, when the resistance against Amoebic Gill Disease (Neoparamoe baperurans) was 

studied, two suggestive QTL were identified on chromosome 18, each explaining 4% of the additive 

genetic variance when using GWAS or explaining 9.5 and 11.6% of the genetic variance when using 

Regional Heritability Mapping (RHM, Robledo et al 2018). When the salmon lice (Lepeophtheirus salmonis) 

was studied, evidence of a polygenic structure associated with   resistance against it was identified, as 

putative SNPs affecting it in chromosomes 9 and 22 (Houston et al. 2016) were detected. In the Atlantic 

salmon and the rainbow trout, host resistance against sea lice (Caligus rogercresseyi) was studied to 

identify associated regions. In the Atlantic salmon, 5 regions explaining more than 1% of the genetic 

variance for the trait were identified, while for the rainbow trout 13 regions exceeded 1% of the total 

genetic variance for the trait, providing evidence that the resistance against C. rogercresseyi can be under 

polygenic control (Cáceres et al. 2021). 
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In the present study, increasing LOD scores from SNPs which can possibly affect the host resistance against 

Lernanthropus kroyeri, were detected in chr6, 8, 20 and in chr25 (Unstructured chromosome). Two 

putative QTL affecting the resistance against Lernanthropus kroyeri (AX-373127007, AX-373218583), were 

detected in chromosome 8 explaining approximately 2% of the phenotypic variation each. 

Moving on to growth performance, even though QTL affecting body weight have been found in early 

growth stages (318 DPH – 378 DPH) (Oikonomou et al. 2021, in press) in the present study, no significant 

QTL was detected. Analyzing the weight before transfer to sea cages (W2), weight at two months after 

stocking in the cages (W2M), and weight at four months after stocking in the cages (W4M), putative 

regions affecting them were found in chromosomes 6, 9, 10, 12, 13, 14, 15, 18, as an increased SNP LOD-

score trailing appears in those chromosomes compared with the rest of the chromosome areas. 

 

 3.3.3 Genomic Selection 

Correlation between EBVs and GEBVs for Parasite Count (PC) was 0.93 and ranking correlation was 0.92. 

The high correlation could potentially justify utilization of genomic selection for such a trait (i.e., parasite 

count).  Moreover, accuracy of the GEBVs seems to be quite high (0.86, Table 15). On the other hand, 

Parasite Count is a very laborious and costly measurement that can only be taken after death and, 

consequently, any classical selection method must concentrate on sib or progeny testing, something that 

would affect negatively, the accuracy and the generation interval of the selection respectively and 

therefore delay the response to selection. Consequently, the use of genomic selection based on a training 

population for parasite count appears more attractive both in terms of cost but also in terms of genetic 

gain. 

Correlation between EBVs and GEBVs for weight at six months after stocking in the cages (W6M), was 

0.92 while growth at sea cages (GAS) was 0.91. Ranking correlation was 0.91 and 0.91 for weight at six 

months after stocking in the cages (W6M) and growth at sea cages (GAS), respectively. At early growth 

stages the correlation between EBVs and GEBVs for the body weight ranged from 0.85 to 0.91 for the 

European seabass (Oikonomou et al 2021., in press) while higher estimates have been found for the 

rainbow trout (0.99) (Gonzalez-Pena et al 2016). 

In the Atlantic salmon, when the resistance against Amoebic Gill Disease (Neoparamoe baperurans) was 

studied, the accuracy of estimation was 0.70 when using the GRM (Robledo et al 2018). In the European 

seabass, the accuracy of estimation for the body weight at early growth stages when using the GRM 

ranged from 0.53 to 0.61 (Oikonomou et al 2021., in press). In the present study, the accuracy of 

estimation of GEBVs for Parasite Count Was high (0.86) and for body weight was moderate since the 

estimates were 0.49 and 0.40 for weight at six months after stocking in the cages (W6M) and growth at 

sea cages (GAS), respectively. 

For parasite count, the high estimate of the accuracy (0.86) and the high heritability (0.71) in combination 

with the putative QTL affecting it and the trailing lod-scores which appear in chr6,7,8 and 20 (Manhattan 

plots all the transformation data) (Figure 6) are important evidence that the genetic architecture 

influences the host resistance against Lernanthropus kroyeri. Moreover, we are currently investigating 
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alternative modes of inheritance (i.e. interaction between SNPs) for Parasite Count in order to further 

investigate the polygenic or non-polygenic control of Parasite Count of Lernanthropus kroyeri in European 

sea bass. Nevertheless, the lower accuracy for the body weight measurements of the GEBVs in the present 

study compared to the reported range, could be explained by the higher age of fish which participated in 

the present study and the lower heritability estimates (Oikonomou et al. 2021, in press, reported h2 = 

0.54-0.61 versus W6M h2= 0.41).  

3.3.4 Conclusions 

Genomic heritability seems to provide much higher heritability estimates for parasite count of 

Lernanthropus kroyeri compared with Pedigree heritability estimates (0.71 vs 0.28 (Papapetrou et al. 

2021)). However, such differences may be due to the effect of the selection (i.e. selective genotyping) of 

the sample the population that is used for the genomic analysis. 

In addition, such high genomic heritability estimates provides indications of major gene inheritance, 

however, only two putative QTL affecting the resistance against parasite Lernanthropus kroyeri (AX-

373127007, AX-373218583), were detected in chr 8 using a GWAS analysis. Moreover, the putative QTL 

were explaining approximately only 2% of the phenotypic variation each. Further investigation of these 

genomic areas and others (e.g. chr6, 8, 20 and in chr25 (unstructured chromosome)) as well as possible 

interaction of SNP and/or genes that are mapped in these areas is needed. 

Nevertheless, the results of the genetic and genomic evaluation are very promising concerning the use of 

an SNP array in breeding programs. Ranking correlations between classically (via the pedigree) Estimated 

Breeding Values (EBV) and Genomically Estimated Breeding Values (GEBV) are very high (0.92) as well as 

the accuracy of GEBVs (0.86). Moreover, genomic selection methods can reduce drastically the very 

laborious and costly measurement of Parasite Count, which can only be made after death, to only a 

training population once every few generations compared to the necessity of measurements of Parasite 

Count every generation in sibs of the selection candidates using a pedigree passed selection method. 

In addition, any classical selection method must concentrate on sib or progeny testing for the genetic 

evaluation of the selection candidates, something that has a negative effect on the accuracy and the 

generation interval of the selection and, consequently, delay the response to selection for Parasite 

Resistance traits. 
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4. Synthesis & Overall Conclusions 

4.1. General considerations 

PerformFish project was an opportunity to support R&D works in genomic selection in sea bass and sea 

bream in joining research efforts and capacities from research labs and breeding companies from Italy, 

Greece, Spain and France. It capitalizes previous initial research developed e.g. in FishBoost EU projects 

in these species and some of those partners in using recently developed in the project medium size SNP 

arrays for the two major marine fish species reared in southern Europe. It benefits jointly from recent 

advances in research in genomics and ability and capacities of the breeding companies to produce 

experimental animals and diverse phenotypes. In this conclusion we summarize major results obtained 

and advances achieved in underlying their interest for the European producers. We highlight advances 

obtained to estimate the heritabilities of the traits investigated and genetic correlations with traits of 

major importance, the relative efficiency of genomic selection when compared with pedigree-based 

selection, the increase in expected genetic gain when using genomic selection and first investigations of 

genome wide association studies.  

  

4.2. Originality of the traits considered 

Partners from PerformFish project targeted traits of interest never investigated before in these species to 

improve the sustainability of European production while integrating potential welfare and consumers 

perspective. Three traits were investigated to increase survival to a new viral disease in sea bream 

hatcheries (mostly in Italy and Spain) the VNN, to improve feed efficiency   in sea bream in order to limit 

feed cost and environmental impact, and to improve survival to an external parasite (Lernanthropus 

kryoeri) in European sea bass to limit its negative impact on growth, survival and to decrease the use of 

drugs.  

 

4.3. Development of new phenotypes 

As mentioned before, the traits targeted were new and it was necessary to design phenotyping methods 

for those traits which were adapted to the context of selective breeding. Ideally, a good phenotype for 

selective breeding should be reproducible (repeatability is the upper limit of heritability), cheap to 

phenotype, and usable on a large quantity of individuals. In the end, only phenotypes which are heritable 

enough are considered in breeding programs. 

The phenotype for VNN resistance in larval sea bream is interesting in the fact that it is collected on very 

young animals and thus easier to apply than challenges done on larger animals. The heritability obtained 

was moderate (0.19), indicating potential for selection on this trait. 

The phenotype for sea bream feed efficiency was not ideal as it requires a significant infrastructure (here 

200 aquaria of 10 liters) and workload (6 months of phenotyping) to obtain the 537 fish with appropriate 

phenotypes. However, no simple to collect phenotype currently exists to select for feed efficiency. We 

could see that growth under restricted feeding (still in individual aquaria) was very correlated to individual 
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feed efficiency and could be used as an indirect phenotype for selective breeding of this trait. This would 

not diminish the need for infrastructure nor the total time for phenotyping, but would reduce the daily 

workload, by avoiding counting and removing uneaten pellets every day in each of the 200 aquaria. Here 

again, the phenotype had a moderate heritability (0.17-0.25), which makes it suitable for selective 

breeding.  

For the resistance to Lernanthropus kroyeri, the choice was made to use a field test, where the set of 

families was sent to a site known to be repeatedly and heavily subjected to outbreaks of this parasite. This 

choice is relevant in the sense that it selects fish in the real production situation, and allows challenging a 

large number of fishes, which is necessary to perform efficient selective breeding. The downside is that 

the severity of the outbreak is not under control, and indeed, of two groups challenged in two years, one 

could not be exploited due to excessive mortality (Papapetrou et al., 2021). Nevertheless, this permitted 

the first estimation of heritability for this parasitic disease, with a high heritability (0.71), supporting the 

fact that this method of phenotyping should give high genetic gains if excessive (or insufficient) infection 

can be avoided. 

 

4.4. First use of genomic arrays developed and supported by EU MedAID & 
GeneSea projects 

SNP arrays are considered nowadays as extremely valuable high-throughput tools to assess population 

genetic parameters and assist genomic selection (GS) in aquaculture breeding programs. For the latter, a 

growing number of papers report the development and validation of SNP-arrays of various density in fish 

(Zeng et al., 2017; Joshi et al., 2018; Nugent et al., 2019; Lu et al., 2021; Peñaloza et al., 2021b), shrimps 

(Garcia et al., 2021) and shellfish (Gutierrez et al., 2018) of high aquaculture importance, and the list is 

not exhaustive. These arrays have been used so far to study aquaculture important traits such as growth, 

quality traits, disease resistance and in our project feed efficiency. They have specific advantages over 

other high-throughput genotypic methods like the RAD-seq applications since they provide increased 

genotyping accuracy, repeatability and reproducibility, the same markers are known in advance and 

therefore are interrogated each time, and they also necessitate less technical/bioinformatic knowledge 

and usually less turnaround time (Robledo et al., 2018b) 

For the Mediterranean species studied in PerformFISH, a sea bass SNP array comprising 57,000 SNPs (57K) 

was recently developed by Griot et al (2020) to study VNN resistance in European sea bass (Dlabchip), and 

through this project a combined 60K SNP array for both species (the ‘MedFish’ ThermoFisher SNP array) 

has also been made public as a result of the collaboration with the EU project MedAID 

(http://www.medaid-h2020.eu/) and has been described in detail by Peñaloza et al. (2021). The latter 

includes approximately 60K markers (with approximately 30K for gilthead seabream and approximately 

30K for European seabass) and is envisaged to become an essential tool for breeding purposes in 

Mediterranean aquaculture. Last, a new 57K SNP-array has been developed for the gilthead sea bream 

(Sauchip, not yet published) with funding from the GENESEA project and is the one used in this deliverable 

to estimate genetic parameters, breeding values, accuracy of genomic prediction and GWAS for feed 

efficiency in the species. 

http://www.medaid-h2020.eu/
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4.5. Improvement of heritability with genomic selection 

The three different traits present intermediate heritability estimated when using pedigree information 

[0.19 (VNN resistance), 0.22 (feed efficiency measured as residual body weight gain, and 0.28 (L. kroyeri 

Parasite count, Papapetrou et al. 2021)]. In two of the three experiments performed within this Task, the 

genomic heritability estimates were very similar to the pedigree-based heritability estimates. In the case 

of the VNN resistance, genomic and pedigree heritability estimates were almost the same [0.18 for 

pedigree vs 0.18 - 0.2 for genomic (depending on the method used]. Similarly, feed efficiency exhibited a 

very small increase in the genomic heritability estimate over the pedigree heritability [0.22 (pedigree) vs 

0.25 (genomic)]. 

On the contrary, a large increase of the genomic heritability estimate was observed in the case of the L. 

kroyeri experiment. However, this increase was observed over the full data set heritability estimates using 

a pedigree relationship matrix (see D1.3 and Papapetrou et al. 2021). The selective genotyping scheme 

(described in chapter 3.1) applied in the full data set of Task 1.2.3.1 was expected to have an inflation 

effect on both genetic and genomic heritability estimates of the selected sample. Indeed, when the 

pedigree relationship matrix was used, in the selected sample which was genotyped, then the heritability 

estimate was only marginally larger than the genomic heritability (0.74 for pedigree vs 0.71 for genomic). 

Nevertheless, any differences between the genomic and pedigree heritability estimates in all three traits 

(i.e. resistance to VNN, FCR and L. kroyeri parasite count) were rather small, if any, and within the range 

of the standard errors (0.04 - 0.07) of the estimates. Thus, there are no significant differences observed 

in the estimated additive genetic variation in all the three traits (VNN, FCR and L. kroyeri Parasite Count) 

when ways for computing the animal’s relationships in the estimation of genetic parameters of the traits 

(Pedigree Relationship Matrix (PRM) vs Genomic Relationship Matrix (GRM)). 

  

4.6. Increase in accuracy of EBV estimations with genomic selection 

As mentioned previously, the SNP arrays tested in this project were recently developed. Therefore, it was 

essential to evaluate their capacity to improve selective breeding in fish farming. The metric that is 

principally used to evaluate the gain of introducing genomic data is the accuracy of breeding value 

estimation. In previous studies in fish, genomic data were already shown to increase this prediction 

accuracy and this trend was confirmed here.  

We used, in all three studies, a cross validation scheme that estimated the breeding value of animals while 

masking the phenotypes of some animals (called validation population). Then, within the population of 

validation, the correlation between the predicted breeding value and the phenotypes was estimated. 

Finally, this correlation was divided by the square root of the heritability, giving the accuracy of breeding 

value estimation. This was done with genomic data (accuracy of GEBV) and with pedigree (accuracy of 

EBV). 

All three studies showed an increase in the accuracy of GEBV compared with EBV for different traits. For 

VNN resistance of sea bream, the accuracy was around 12% improved with genomic data (from 0.58 to 

0.66). For parasitic resistance against Lernanthropus kroyeri for sea bass, the increase was 11% (from 0.63 
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to 0.7). For individual efficiency of sea bream, the accuracy of breeding value estimation was 35% higher 

with genomic data (from 0.42 to 0.53). Hence, the genomic arrays used in these projects showed 

substantial improvement of prediction accuracy. Despite low re-ranking of animals with GEBV compared 

with EBV and despite high correlations between GEBV and EBV for all traits, the gain of accuracy is 

expected to yield a significant increase in response to selection. These results are highly favorable to the 

application of genomic selection in fish farming for several traits and several species. The use of genomic 

data seems also of major interest for phenotypes that can only be measured on a few animals, such as 

individual feed efficiency. 

The cross-validation scheme gives, however, only estimates of prediction accuracy and, ideally, the true 

prediction accuracy should be confirmed with an experimental response to selection. Additionally, despite 

this substantial increase, the industry should pay attention to the return on investment of genomic arrays 

and ensure that the expected increase in response to selection would overcome the increase in 

genotyping cost. It is most likely that the use of such genomic tools would require the breeding program 

to evolve. For instance, with  genomic data, phenotyping the animals could occur only once every few 

generations for the estimation of the GEBVs. 

 

4.7. Identification of QTL 

The basis of QTL studies is the detection of the number and location of loci associated with phenotypic 

traits. The advantage is that, once QTLs are identified, candidate breeders are selected on the basis of 

marker alleles that segregate with favourable phenotypes, and this approach is particularly useful for 

traits that cannot be measured directly on selection candidates or for which the phenotyping is 

particularly difficult, such as disease/parasitic resistance, and feed efficiency. 

For VNN resistance in gilthead sea bream, the GWAS approach failed to identify genome-wide significant 

QTL, in contrast to recent GWAS performed on European sea bass for the same pathology which detected 

one QTL located on the LG12 explaining 9.2% of the total genetic variance (Griot et al. 2021). VNN 

resistance is anyway known as a complex polygenic trait, so it is likely that the low density of sea bream 

SNP panel (around 26,000 markers) plays a role, limiting the detection of QTL explaining large parts of the 

genetic variation. In fact, previous GWAS for VNN resistance in European sea bass were based on low 

density marker panels and were not successful, while the study of Griot et al., based on a SNP panel of 

about 40,000 markers, led to better results. 

GWAS for feed efficiency in sea bream showed the same lack of significant results as VNN resistance, with 

no QTL explaining a large part of the genetic variation. This suggests that feed efficiency in sea bream is a 

complex polygenic trait as well, affected by many QTL of small effects, and thus more inclined to the 

limitations of GWAS approaches. 

Two putative QTL affecting the resistance against the parasite Lernanthropus kroyeri in European sea bass 

were detected, both explaining approximately 2% of the phenotypic variation. Again, it is likely that this 

trait, as already explained for the two traits studied on sea bream, might be under polygenic control, as 
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evidenced in Atlantic salmon for resistance against sea lice (Caligus rogercresseyi), where several regions 

explain around 1% of the genetic variance (Cáceres et al. 2021). 

Despite the lack of QTL, the intermediate accuracies estimated are highly favorable to the application of 

genomic selection for the studied traits. 

 

4.8. Expected benefit for EU industry 

The project targets traits of interest that had never been investigated before the PerformFISH project. 

Results demonstrated that the traits exhibit enough additive genetic variation and difference between 

parents for their improvement. Under these considerations, results obtained represent a new advance 

for more robust fish and improvement of aquaculture resilience by limiting the use of drugs, for the future 

benefit of the environment and of the consumers. 

The expected gain to improve sea bream feed efficiency was estimated in the range of 1% par generation. 

At the Mediterranean scale, with nearly 200 000 T of production and a feed conversion index of 1.8-1.9 

(360 000 T of feed), yearly and cumulated expected gains are represented in Figure 12 under this 

hypothesis for a feed cost of 1 Euros per kg.  

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 12. Expected gains in T of feed, in Euros and cumulated gain in Euro for the whole Mediterranean 

industry with a conversion index of 1.9 tonnes of feed to produce 1 tonne of gilthead sea bream. 

 

A cumulated gain of nearly 91 million Euros can be expected when using fish benefiting from 3 generations 

of selection. This figure has to be taken with precaution as advance in feed composition or in reducing fish 
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mortality may completely modify this perspective. Nevertheless, Performfish results quantified potential 

gains expected by genetic selection on this trait in sea bream. This gain will have to be considered also 

with the correlated gain expected from the selection on body weight (Besson et al., 2020). Investment in 

individual phenotyping units with hundreds of aquaria is actually the only technical possibility. Alternative 

technologies based on quantification of ingested assisted by glass beads counting by X-ray or video tracing 

of individual feeding in groups are other alternatives needing additional research.  

For Lernanthropus kroyeri, a parasite with more limited systematic impact at Mediterranean level, the 

question raises of whether to improve this trait by selection in the breeding nucleus and/or to use elites 

to structure multiplication, in order to be able to propose product more adapted for specific rearing sites 

hit by this parasite. The question to optimize phenotyping cost will also depend on commercial demands. 

As for improvement of VNN, validation and demonstration of improved performance in commercial 

condition is the next step.  

For resistant resistance to VNN in sea bream, the results are positive to secure and counteract a potential 

spreading of the disease or its development at larger size fish. Fish phenotyping at larval stage is positive 

to rank candidates at early stage and decrease cost of breeding programs.  

An improvement of selection efficiency is also highlighted in using genomic selection instead of family-

based breeding programs. The fact that estimates of genetic parameters and breeding accuracies were 

done in commercial condition demonstrated their technical feasibility. The balance between cost and 

benefits and the evaluation of selection responses in experimental facilities and in the fields and in 

different farms or environments are among the next steps of investigation.  

 

4.9. Future needs of research and proposal for future research priorities 

There is currently the need to further decrease the cost of genotyping for genomic selection, for instance 

through either ultra-low coverage whole-genome sequencing and imputation, or a combination of limited 

genotyping with high-density SNP arrays and massive genotyping using fast and affordable low-medium 

density (<5,000 markers) SNP-panels and imputation. Moreover, there is a need to better understand 

target phenotypes and develop high-throughput phenotyping methods to increase the efficiency of trait 

recording. Intermediate phenotypes for difficult or time- and cost-intensive traits (feed efficiency, disease 

resistance) might improve the ethical, economic, and logistic sustainability of trait recording. Interactions 

between possible interventions on fish diseases should be explored such as the genetics of response to 

vaccination, or the correlation between response to vaccination and disease resistance. 

The method of infection used in NNV challenge tests (immersion or injection) and the size/age of the 

animals could affect the type and variation in the infection response observed; therefore, those aspects 

should be considered and probably elucidated in future studies. Moreover, future availability of new 

genomic tools and techniques enabling the development of high-density marker arrays for gilthead sea 

bream could be beneficial for a deeper understanding of the traits of interest. Genotype imputation might 

optimize the cost/efficiency ratio of genomic selection in aquaculture, implying the high-density 
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genotyping only of a few key individuals, while the majority of individuals are genotyped using a lower-

density SNP panel consisting of a small subset of markers of the high-density panel. 

For feed efficiency, it will be essential 1) to evaluate selection response in fish selected with the rBWG 

trait recorded in aquaria in order to ensure this generates a gain when fish of the next generation are 

reared in groups, and 2) to further work on phenotyping to obtain individual phenotypes in conditions 

(group rearing, larger fish) that are closer to those where genetic gain is expected to be obtained. 

Approaches using video recording, movement analysis with accelerometers (by means of artificial 

intelligence), integration of stable isotopes and others are being considered and should be tested on a 

variety of species, as it is quite clear that not all species have the same type of variation in individual feed 

efficiency (for example, fatter European sea bass seem to be the most efficient, while this is the opposite 

for several other species).  

 

It is worth-mentioning, that results and tools developed from the PerformFISH project are further 

envisaged to be implemented in subsequent H2020-funded projects like: 

- FutureEUAqua (https://futureeuaqua.eu/): the SNP-tool developed and the GWAS approaches 

here implemented are going to be used in WP1 (Sustainable Breeding) to answer future 

challenges of i) increased need for utilisation of alternative feed sources in aquaculture feeds, ii) 

the need for resilience in the face of climate change, and iii) to maintain and increase animal 

welfare through robustness and disease resistance. 

- AquaImpact (https://www.luke.fi/aquaimpact/): The aim of WP1 (Genomic Innovations) is to 

advance economically sustainable, commercial-scale implementation of genomic selection for 

genetic improvement in both Mediterranean species and i) produce operational designs for trait 

recording and genotyping fish to implement genomic selection within companies, ii) prototype 

and test cost effective genotyping methods to implement genomic selection within companies, 

iii) develop and test technologies for high throughput phenotyping using machine vision methods 

and Raman spectroscopy, and iv) apply methods for genomic selection and validate their realized 

impact. 

- AquaFAANG (https://www.aqua-faang.eu/): The two main objectives in WP5 (Exploiting genome 

functional annotation to enhance fish breeding) is first to perform a genotype-to-phenotype study 

trying to understand and improve resistance to VNN in European sea bass (the MedFISH array is 

used), and the second is to functionally annotate disease resistance QTL in order to develop 

functionally-enriched low-density SNP-array panels to improve genomic selection and its 

affordability across several target species. 

 

  

https://futureeuaqua.eu/
https://www.luke.fi/aquaimpact/
https://www.aqua-faang.eu/
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