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Introduction 

In genomic selection (GS), genomic breeding values (GEBVs) are estimated along with 

associated errors, known as prediction error variances (PEV) and prediction error covariances 

(PEC) derived from a genomic best linear unbiased prediction (GBLUP) model. PEV 

quantifies the uncertainty surrounding GEBVs, providing insight into the accuracy of these 

predictions, while PEC indicates the relationships among PEVs. PEV for genetic evaluations 

are routinely calculated either by direct inversion of the left hand side of the mixed model 

equations (MME, Henderson 1984), approximations (Misztal and Wiggans, 1988; Meyer 

1989), or selection index theory (Harris and Johnson 1998; VanRaden and Wiggans 1991).   

GS is widely utilized in plant breeding in its two main components: population improvement 

and product development (Gottardo et al., 2019). Population improvement is akin to the 

nucleus population improvement in animal breeding, driven by the population mean through 

continuous cycling of progenies to subsequent crossings. In contrast, product development 

follows a traditional plant breeding approach, which involves multiple selection stages.  After 

crossings, progenies are selected to develop inbred lines, followed by GS before the screening 

stage. This process is then succeeded by multiple years of intensive pre-commercial field 

testing to identify the best products. 

This study aims to determine the optimal number of individuals to select during GS to 

maximize the probability of advancing the best products. 

 

Materials & Methods 

Data. Data on the yield performance of 1,000 early maturity soybean lines were used from the 

North American soybean breeding program at Bayer CropScience. Each line was genotyped 

using a medium-density genotyping platform, which included 500 to 2,000 SNP markers. The 

genotypes were subsequently imputed to high-density genotypes consisting of 50,000 markers.  

Statistical Model. The following statistical model was used: 

y=Xb+W1u+W2p+e, (1) 

where y is a vector of phenotypes, b is a vector of fixed effects, including planting year, 

location, and set, u is a random vector of additive genetic effects, p is a vector of random 

residual genetic effects, and e is a vector of random residuals. Matrices X, W1, and W2 are 

incidence matrices relating elements of y to b, u, and p, respectively. The random effects were 

distributed as: u ~ N(0, G𝜎𝑔
2), p ~ N(0, I𝜎𝑝

2), and e ~ N(0, I𝜎𝑒
2), where G is the genomic 

relationship matrix based on method 1 as defined by VanRaden (2008), I is the identity matrix, 

𝜎𝑔
2, 𝜎𝑝

2, and 𝜎𝑒
2 are the variances of additive genetic effect, residual genetic effect, and residual 

effect. PEV and PEC were obtained as described by Henderson (1984).  
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Simulation and Probability. To maximize the probability of selecting the best products, both 

PEV and PEC from the GBLUP model were considered alongside GEBVs. One thousand 

samples were drawn from a multivariate normal distribution, using GEBVs as the mean and 

PEV/PEC as the variance-covariance matrix for 1,000 genotyped individuals. This sampling 

aimed to estimate the probability of selecting at least 10 products that exceed a predefined yield 

threshold (a mean GEBV of 7 (SD=1.5), obtained from the last cohort of individuals), based 

on truncation selection using GEBV rankings.  

Probabilities were calculated under various truncation selection intensities (ranging from 10% 

to 90%), defined as the number of successes (at least 10 individuals exceeding the threshold) 

divided by the total number of samplings (1,000) from the selected individuals. 

 

Results 

Figure 1 illustrates the distributions of GEBV and PEV for the yield performance of the 1,000 

soybean lines. The GEBV values range from -1.7 to 8.3, with a SD of 1.9, indicating significant 

genetic variation within the cohort. The corresponding PEV values range from 0.2 to 4.2, with 

a mean of 0.6, suggesting considerable prediction errors, particularly for individuals with a 

PEV greater than 2. 

 

 
Figure 1. Distribution of GEBV (A) and PEV (B) of yield performance for the 1,000 soybean 

lines 

 

Figure 2 indicates that there is no distinct relationship between GEBV and PEV; however, lines 

with higher GEBV generally exhibit higher PEV. Furthermore, there is considerable variation 

in PEV among lines with elevated GEBV, particularly those that are more likely to be chosen 

for breeding. This highlights the importance of considering both GEBV and PEV when 

selecting lines that have high but similar GEBV values. Typically, individuals with higher 

GEBVs are preferentially selected, generating more data and therefore lower PEV. In this 

study, however, that pattern was not observed. Possible explanations include: (1) the 

population‑improvement component of the soybean breeding program only recently started, so 

few selection cycles have been completed; (2) training data from the new genetic cohort are 

not yet available; and (3) the introduction of a biotech trait disrupted the selection process, 

resulting in some lower‑GEBV individuals being chosen 
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Figure 2. Relationship between GEBV of yield performance and its associated PEV for the 

1,000 soybean lines 
 

Figure 3 illustrates that when the target genetic gain is set at 1% relative to the baseline (with 

a mean GEBV of 7), the probability of success increases from 85% to a plateau of 95-98% as 

the number of selected individuals rises from 10% to 90%. This plateau is reached at 

approximately 300 selected individuals (30%), and the probability remains around 95-98% 

even when all individuals are selected. Thus, the optimal number of selected individuals for 

achieving a 1% genetic gain is identified as 300, which corresponds to the point where the 

probability levels off with increasing selection. A similar trend is observed when the genetic 

gain is raised to 5%, with 300 individuals again being optimal. However, for genetic gains of 

10% and higher, the probability is essentially unchanged with approximate mean of 30%, 12%, 

and 5%, respectively. This is likely because the breeding target of 10% genetic gain or above 

is set too high to achieve.  
 

 
Figure 3. Relationship between the probability of success and selection intensity for different 

levels of genetic gains 
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Discussion 
Plant breeding primarily has two objectives: improving the population mean and developing 

products for commercial farmers. Unlike population improvement, product development 

focuses on identifying the best individuals from a population through multiple years of field 

testing. While GEBV reflects the expected genetic merit of an individual, PEV quantifies the 

associated risk. When two individuals have the same GEBV, the one with a higher PEV carries 

a greater risk but also a higher likelihood of being the top-performing line. Conversely, the 

individual with a lower PEV presents less risk but also a diminished chance of being the best 

line. PEC indicates the relationships among PEVs and can be utilized to diversify risks among 

individuals. Therefore, combining GEBV with PEV and PEC allows for the identification of 

potential top-performing individuals while considering associated risks. Simulations based on 

GEBV and PEV/PEC can further quantify the probability of selecting the best products.  

 

Field testing all GS candidates is expensive, making selection essential. Therefore, it is 

important to minimize the number of selected individuals while maximizing the probability of 

identifying the top-performing individuals. Simulated data in this study indicates that, at a 

given target, only 300 out of 1,000 individuals are needed to achieve a high probability of 

selecting the top 10 individuals as the chance does not significantly increase when selecting 

even more (Figure 3). However, this approach is contingent upon the target threshold; if the 

target is set too high, it becomes challenging to determine the optimal number of individuals 

to select. To address this issue, it is advisable to establish several reasonable target thresholds, 

ensuring that an optimal number of individuals can be identified. In this study, the target 

threshold was established based on last year’s cohort from the same pipeline. However, if a 

specific target is desired, it could be defined by the yield performance of a competitor or based 

on customer requirements.  

 

Conclusions 

In conclusion, incorporating known PEV and PEC through simulations proved effective in 

determining the optimal number of individuals needed to maximize the probability of 

identifying elite products at a specified target threshold. These findings suggest that by 

integrating PEV and PEC into GS processes, breeders can enhance their selection strategies, 

ultimately leading to improved breeding outcomes. 
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