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Introduction 

Genomic selection has transformed animal breeding by enabling the prediction of genetic 

merit through genomic estimated breeding values (GEBVs) derived from genotype data 

(Meuwissen et al., 2001). However, the cost of genotyping limits its practicality for some 

species. In aquaculture, low-density SNP panels are commonly used as a cost-effective 

alternative for parentage assignment and genotype imputation (Song et al., 2021), although 

the economic advantage of this approach is diminishing as the costs of low- and high-density 

genotyping converge. DNA pooling offers an additional cost-reduction strategy by 

combining DNA from multiple individuals into a single assay, substantially reducing 

genotyping sample volume and associated costs. While DNA pooling has shown promise in 

genetic and genomic studies (Alexandre et al., 2019; Bell et al., 2017; Jurado et al., 2021), its 

integration into pedigree-based and genomics-based breeding programs remains limited. 

Here, we demonstrate that DNA pooling can be incorporated into aquaculture breeding 

programs with minimal changes to conventional schemes, and we discuss its potential, 

challenges, and limitations. 

 

Materials & Methods 
DNA pooling was evaluated as a cost-effective strategy for parentage assignment using the 

maximum-likelihood framework of Henshall et al. (2014). A simulation study was conducted 

to assess the impact of SNP panel size (100–500 SNPs) on the accuracy of family 

contribution estimates and estimated breeding values (EBVs). A population of 4,000 fish 

from 40 families was simulated for a single trait (harvest weight) with a heritability of 0.30. 

Scenarios using 100, 200, 300, 400, and 500 SNPs were tested. To represent worst-case 

conditions, a 5% genotyping error rate was simulated by randomly switching genotypes (AA, 

AB, BB coded as 0, 1, and 2, respectively). The 200 heaviest fish were selected as individual 

(non-pooled) candidates. The remaining individuals (3,800) were grouped into pools based 

on similar phenotypic values (harvest weight). Pools contained individuals from multiple 

families. The family composition within each pool was estimated after pooling. Pool sizes of 

10 and 20 individuals were evaluated, resulting in 360 and 180 pools, respectively. Pooled 

phenotypes were calculated as the mean of individual phenotypes, and pooled genotypes 

were obtained by averaging coded genotypes for each SNP. Each scenario was replicated 20 

times.   

 

Individual phenotypes and pedigree information were reconstructed from pooled samples by 

creating dummy individuals based on percentage family contributions (Fig. 1). These 

reconstructed data were combined with those of the selection candidates to generate the 

phenotype and pedigree datasets required for EBV and heritability estimation. A univariate 

animal model was applied to both pooled and non-pooled datasets. 
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Family EBVs were calculated as parental averages. Assignment accuracy was defined as the 

proportion of individuals correctly assigned to their true families within pools. EBV accuracy 

was calculated as the correlation between EBVs derived from individual-level data and those 

derived from pooled data. 

 
Figure 1. An example of using family contributions from pooled DNA to construct dummy 

individuals for genetic analysis. 

 

The use of DNA pooling for genomic selection was evaluated by constructing in silico pools 

from individual genotypes obtained using a 60K SNP chip and weight phenotypes of 

Whiteleg shrimp (Litopenaeus vannamei) originating from the Viet–Uc breeding program in 

Vietnam. These in silico pools were generated using an in-house pipeline that introduced 

random error at a rate derived from an independent dataset of L. vannamei genotypes 

obtained from duplicate tissue samples—one set individually genotyped and the other 

physically pooled by phenotypic ranking prior to DNA extraction and genotyping. Allele 

frequencies estimated from pooled samples showed an average correlation of 0.89 with mean 

allele frequencies calculated from the individually genotyped samples used to construct the 

pools. 

Individual genotypes and phenotypes from four cohorts were pooled in silico within cohort 

and sex based on phenotypic ranking, generating 370 pools from 7,388 records. Pool sizes 

ranged from 13 to 25 individuals, with 362 pools containing 20 individuals. Allele 

frequencies estimated from in silico pools were compared with the mean allele frequencies of 

the corresponding individuals, yielding a correlation of 0.89. 

A univariate GBLUP model including cohort and sex as fixed effects was applied to both 

individual- and pooled-level datasets to estimate genetic parameters and GEBVs. SNP effects 

were back-solved from each analysis and used to estimate GEBVs for 107 broodstock 

individuals lacking phenotypic records. Prediction accuracy was calculated as the correlation 

between broodstock GEBVs derived from pooled and individual data. Family contributions 

to pools were inferred using a random subset of 3,000 SNPs. Estimated contributions were 

then used to generate dummy phenotypic and pedigree records, which were analyzed 
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separately using univariate animal models to estimate heritability and parental EBVs. 

Parental EBV accuracy was calculated as the correlation between results from pooled-data 

and individual-level analyses. 

 

Results 
Simulation results (Table 1) illustrate the effects of SNP density and pool size on family 

assignment accuracy and EBV accuracy between pooled and individual-level analyses. 

Increasing SNP density consistently improved both assignment accuracy and EBV 

concordance. Smaller pools outperformed larger pools: with 500 SNPs, assignment accuracy 

reached 0.91 for pools of 10 compared with 0.81 for pools of 20, while EBV correlations 

approached 0.96 for smaller pools and were slightly lower for larger pools. EBV accuracy 

trends mirrored those of assignment accuracy, decreasing with larger pool size and lower 

SNP density (Table 1). Heritability estimates remained stable and close to the simulated 

value of 0.30. 

 

Table 1. Accuracy of family assignment and EBVs for families and selection candidates 

under different SNP numbers and pool sizes in the simulation study. 

Number 

of SNPs 

Pool Size Family Assignment 

Accuracy 

Family EBV 

Accuracy 

Selection candidate 

EBV Accuracy 

100  

 

10 

0.65 ± 0.01 0.81 ± 0.01 0.81 ± 0.02 

200 0.80 ± 0.00 0.91 ± 0.01 0.90 ± 0.01 

300 0.86 ± 0.00 0.93 ± 0.01 0.93 ± 0.01 

400 0.89 ± 0.00 0.95 ± 0.01 0.95 ± 0.00 

500 0.91 ± 0.00 0.96 ± 0.00 0.96 ± 0.01 

100  

 

20 

0.53 ± 0.01 0.72 ± 0.02 0.69 ± 0.02 

200 0.69 ± 0.01 0.85 ± 0.01 0.83 ± 0.01 

300 0.75 ± 0.01 0.89 ± 0.01 0.88 ± 0.01 

400 0.79 ± 0.00 0.91 ± 0.01 0.89 ± 0.01 

500 0.81 ± 0.00 0.93 ± 0.01 0.91 ± 0.01 

 

Genomic analyses showed that GEBVs for the 107 broodstock estimated from pooled data 

were highly correlated with those estimated from individual SNP data (r = 0.83). However, 

estimates of genetic parameters differed markedly between the two analyses. Genetic 

variance was 0.37 ± 0.03 using individual data compared with 0.68 ± 0.02 using pooled data, 

while residual variance was 0.65 ± 0.06 versus 0.14 ± 0.03, respectively. Consequently, 

heritability estimates differed substantially, at 0.35 ± 0.02 for individual-level analyses and 

0.82 ± 0.04 for pooled-data analyses. 

In contrast, pedigree-based analyses using inferred family contributions were highly 

consistent. Family contributions estimated from 3,000 SNPs achieved an accuracy of 0.96. 

Heritability estimates derived from dummy individuals reconstructed from pooled data (0.35 

± 0.03) closely matched those from individual-level analyses (0.36 ± 0.03), and parental 

EBVs from the two approaches were strongly correlated (r = 0.98). 

 

Discussion 

Strategies that reduce the cost of genotyping are likely to increase the adoption of selective 

breeding for improved animal performance. DNA pooling substantially reduces genotyping 

costs but generally decreases the accuracy of estimated breeding values (EBVs), particularly 

when using fewer SNPs and larger pool sizes. This loss of accuracy can be mitigated by 

optimizing pool size and SNP density; for example, pools of 20 individuals with 300–400 
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SNPs provided a reasonable balance between cost savings and accuracy in our simulations. 

Smaller pools consistently outperformed larger pools, and increasing SNP density improved 

both family assignment accuracy and EBV correlations. 

Implementation of DNA pooling within commercial breeding programs requires additional 

costs associated with sorting animals prior to pooling (e.g., into weight grades). Nevertheless, 

these costs are likely to be small relative to the reduction in genotyping expenditure achieved 

through pooling. For example, Since 2019, CSIRO has operated a commercial finfish 

breeding program that relies on constructing and genotyping pools of performance-tested 

progeny (average pool size of 15 fish; 300–400 SNPs). This approach has reduced the 

genotyping budget by approximately 85% and has enabled progeny testing of around 10,000 

fish annually within a comparatively modest budget. While phenotype-based pooling can 

reduce genetic diversity within the breeding program for highly heritable traits, this risk is 

manageable in species with multiple cohorts or production cycles, allowing diversity to be 

maintained across the breeding program. 

GBLUP analyses showed that genetic parameter estimates differed between pooled and 

individual-level data. Pooling reduces residual variance through phenotype averaging, which 

in turn inflates estimates of genetic variance. Non-random pooling by phenotype further 

complicates variance estimation. Conceptually, pooled phenotypes do not represent the same 

trait as the original individual phenotypes used to construct them; rather, they represent a 

correlated trait. The strength of this correlation depends on several factors, including pool 

size, within-pool phenotypic variability, pooling strategy, and trait heritability. Consequently, 

an optimal pooling strategy that accounts for these factors is required to ensure a high 

correlation between GEBVs derived from pooled phenotypes and those derived from 

individual phenotypes. Importantly, unbiased genetic parameter estimates can be recovered 

by estimating family contributions using a subset of SNPs and generating dummy individuals 

for pedigree-based analyses. 

 

DNA pooling remains a relatively new technique in aquaculture breeding, with several 

methodological challenges, including the integration of pooled and individual data (Reverter 

et al., 2016), adaptation of quality control metrics for pooled genotypes, and extension of 

current methods to multi-trait analyses. 

 

Conclusions 

DNA pooling is a promising strategy for reducing costs in aquaculture breeding programs. It 

provides a cost-effective approach for both genomic and pedigree-based genetic analyses 

where genotyping costs limit the scale of selective breeding programs. DNA pooling presents 

opportunities for further refinement to enhance its efficiency and broaden its applicability 

within breeding programs. 
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