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Introduction 

Managing and designing a breeding program is a complex task that requires monitoring and 

predicting the outcomes of breeding to obtain high short-term genetic gain while maintaining 

long-term genetic diversity. Breeding goals differ across breeding programs but all rely on 

shared fundamental genetic principles that enable the development of predictive tools.  

On a population scale, quantitative genetic theory provides deterministic formulas to predict 

key metrics of breeding programs, such as the response to selection through the Breeder’s 

equation (Falconer and Mackay, 1996). With rising computational power, stochastic 

simulations have become a powerful alternative to such inference by a generating a digital twin 

that explicitly models phenotyping, mating, and breeding value estimation (Pook et al., 2020).  

The aim of this study is to compare deterministic calculations, stochastic simulation, and real-

data based approximations using an exemplary pig breeding program to analyze the impact of 

phenotyping and genotyping crossbred animals, while discussing common challenges and 

potential pitfalls when setting up a simulation study.  

 

Materials & Methods 
We consider a pig breeding program, with a single generic trait with heritability of 0.3 that can 

be recorded in purebred (PB) and crossbred (CB) animals. Although the breeding objective is 

on genetic gain for CB animals in the market environment, phenotyping of PB animals is only 

possible in a nucleus environment (𝜌𝑚,𝑛 = 0.6), whereas CB animals can be phenotyped in a 

test environment that more closely resembles the market (𝜌𝑚,𝑡 = 0.8).  

The sire line breeding scheme is structured in iterations of approximately 3-4 months. Each 

iteration, 1,000 PB piglets are weaned, of which 250 males and 400 females are reared after 

one iteration. In the next iteration, cohorts are further reduced to 50 males and 200 females. 

After three iterations, animals are selected as sires and dams. Per iteration, 8 sires and 100 dams 

are selected from the 3-iteration-old animals, all previous sires, and dams from two cycles back 

to generate new PB piglets, resulting in overlapping generations. 400 CB animals are generated 

by mating selected sires to dams of a second line. All animals are phenotyped after rearing. 

 

Deterministic calculations. Response to selection can be estimated using the Breeder’s 

equation (Falconer and Mackay, 1996), based on selection intensity 𝑖, prediction accuracy 𝑟, 

and additive genetic variance 𝜎𝐴
2: 

 𝑅 = 𝑖 ⋅ 𝑟 ⋅ 𝜎𝐴 .                                                              (1) 

For pedigree-based evaluations, the prediction accuracy for an individual can be approximated 

based on its relationship coefficient a to phenotyped animals (Falconer and Mackay, 1996): 

 𝑟𝑗 ≈ √
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We here propose to use the average 𝑟𝑗 across all individuals as the overall prediction accuracy 

𝑟 and approximate ∑𝑎𝑖
2 from stochastic simulations. For genomic selection, the prediction 

accuracy is approximated following Daetwyler et al. (2010): 

𝑟 ≈ √
𝑁ℎ2

𝑁ℎ2+𝑀𝑒
 ,                                                              (3) 

where N is the number of phenotyped and genotyped animals and 𝑀𝑒 is the effective number 

of chromosome segments. Because the market trait is correlated rather than directly measured, 

prediction accuracy and genetic gains are reduced and approximated following Abdi (2007): 

𝑟𝑚 = √
𝜌𝑚,𝑛
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2  ,                                 (4) 

with 𝜌 being the correlation between the trait expressed in the nucleus, test, or market.  
 

Stochastic simulations. Stochastic simulations were conducted using MoBPS (Pook et al., 

2020). Initial genotypes and genome structure were based on real data, including 5,000 SNPs 

of two purebred pig lines of Topigs Norsvin. Five burn-in iterations of the breeding program 

were simulated to establish a realistic population structure. In the baseline scenario, no 

phenotyping or genotyping of CB animals is performed. As two alternative scenarios, we are 

considering either to generate CB phenotypes or to generate both CB phenotypes and 

genotypes. Three correlated trait versions representing nucleus, test, and market environment 

were simulated, each with 1,000 underlying additive pleiotropic QTLs to obtain target 

correlations (see MoBPS Manual, chapter 15).  

Breeding values were estimated using ssSNPBLUP in the software MiXBLUP (Vandenplas et 

al., 2020), including all animals and using true variance components. Animals were genotyped 

at rearing, culling of animals was modelled using age-specific probabilities, and each selected 

dam produced a single litter containing 10 piglets, all being features that cannot easily be 

included in deterministic calculations. For the dam line, no genetic progress or breeding was 

simulated, using a large pool of animals to avoid frequent use of the same dam. To reduce 

computational demands, all breeding actions within each iteration were aggregated and jointly 

simulated, requiring only one breeding value estimation per iteration. 

For all three considered scenarios, alternative trait architectures were simulated, replacing half 

of the QTLs with QTLs exhibiting either complete dominance (a = d), quantitative or qualitative 

epistasis along predefined trait architectures in MoBPS, with the qualitative epistatic trait being 

the most different to an additive trait. As these non-additive architectures introduced unintended 

correlations, a whitening step was newly implemented in MoBPS to correct for this. 

Simulations were conducted for a time horizon of 20 iterations (5 years), and outcomes were 

evaluated based on the genetic gain, prediction accuracies, and inbreeding rates of PB piglets 

and CB finishers based on their underlying true genetic values in the final iteration. For each 

scenario, 100 replicates were simulated and results reflect averages across replicates. 
 

Reality. Although this study’s breeding program is not a digital twin of a real-world breeding 

program, real data can be used to improve both deterministic calculations and stochastic 

simulations. For example, changes in prediction accuracy can be estimated from real data using 

the linear regression method (Legarra and Reverter, 2018) by comparing the obtained prediction 

accuracies from partial and whole datasets that can subsequently be used in the Breeder’s 

Equation (Eq. 1).  

 

Results  
In the baseline scenario, genetic gain for the market trait was 3.75 genetic standard deviations 

(gSD) with a generation interval of 4.35 iterations, corresponding to 0.86 gSD per generation 

and an inbreeding rate of 1.88%. Phenotyping CB animals increased genetic gain to 4.22 gSD 

(+13%) and inbreeding rates to 2.52% (+34%), while additional CB phenotyping and 
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genotyping further increased genetic gain to 4.80 gSD (+28%) with only a modest relative 

increase in inbreeding rates (2.13%; +13%).  

For deterministic calculations, a selection intensity of 1.75 was assumed as 8 out of 500 males 

(𝑖𝑚 ≈ 2.10) and 100 out of 500 females (𝑖𝑓 ≈ 1.40) were selected, ignoring overlapping 

generations. With 𝑀𝑒 = 1896 (assuming 𝑛𝑒 =   500 and genome size of 20.11 Morgan 

(Goddard, 2009)) and 𝑁 = 650 × 22 = 14300 phenotyped animals in the final generation, 

prediction accuracy for the nucleus trait was estimated as 0.83 using (Eq. 3), corresponding to 

0.50 in the market trait and expected response of 0.875 gSD per generation (Eq. 1). 

In the alternative scenarios, 400 CB animals are phenotyped per generation in the test 

environment. On average, ∑𝑎𝑖
2 was 1.1 in the final iteration of the simulations, corresponding 

to a prediction of 0.49 based on (Eq. 2). When genotyping CB animals, prediction accuracy 

increases to 0.76 using (Eq. 3). Prediction accuracy for the market is derived based on (Eq. 4) 

to be 0.55 and 0.68, resulting in genetic gains of 0.96 gSD and 1.19 gSD per generation (+10% 

/ +36%).  

In the simulations, prediction accuracies for piglets were low (0.13), but increased to 0.41 in 

the pre-selection step after rearing. Prediction accuracies in the selection of sires and dams are 

around 0.22. Notice that cohorts are pre-selected with a reduced range of breeding values and 

therefore not comparable to deterministic calculations. Adding CB phenotypes improved 

prediction accuracies in all selection stages by 0.04 to 0.07, while CB genotyping did not 

improve accuracies for piglets (which are also not genotyped), but improved prediction 

accuracies for later selection stages by 0.04 to 0.08.  

Relative increases in genetic gain were similar across trait architectures for additive, dominant 

and quantitative epistatic traits (Table 1). However, when simulating a qualitative epistatic trait, 

genetic gain in PB animals reduced with additional phenotyping and genotyped of CB animals 

(4.00 gSD / 3.62 gSD / 3.42 gSD). Genetic gain in CB finishers animals (corresponding to a 

crossbred breeding value) improved by around half of the genetic gain within line for the 

additive, dominant and quantitative trait architecture, while for the qualitative epistatic trait, 

much lower overall genetic gain is obtained. However, CB phenotyping and genotyping did 

increase genetic gain in CB finisher animals (0.44 gSD / 0.58 gSD / 0.68 gSD). 

 

Table 1. Increase in underlying true genetic value for the market trait after 20 iterations of 

breeding in comparison to the same cohort in the first iteration in genetic standard deviations.  
Additive trait  Dominant trait  Quant. epistatic trait Qual. epistatic trait  

 Piglets Finisher Piglets Finisher Piglets Finisher Piglets Finisher 

Baseline  3.75 1.87 3.44 1.80 3.82 1.60 4.00 0.44 

CB 

Phenotyping 

4.22 2.11 3.94 2.07 4.40 1.86 3.62 0.58 

CB 

Phenotyping 

& genotyping 

4.80 2.45 4.43 2.35 4.82 2.10 3.42 0.68 

 

Discussion 
This study shows that stochastic simulations provide a powerful tool for predicting the 

outcomes and optimizing breeding programs. Compared to deterministic calculations, 

simulations allow for detailed analysis of subtle changes without requiring new theoretical 

frameworks and provide insights into how and where genetic gain is achieved. Modern 

software, such as MoBPS (Pook et al., 2020) simplifies the implementation of digital twins and 

makes such an implementation less error-prone. From our experience, most of the time spent 

on a simulation study is on the implementation of the initial digital twin, while scenario 

comparisons require limited additional work. This is showcased by the two alternative scenarios 

only requiring setting two parameters to integrate CB phenotyping and genotyping 
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(phenotyping.cohorts & genotyped.cohorts) with MoBPS itself automatically adapting all 

further steps in the simulations (which is of course still computationally demanding). 

Deterministic calculations remain valuable for providing fast intuition on outcomes of a 

breeding program or narrowing down scenarios to consider in a simulation study. It is important 

to be aware of the limitations of deterministic calculations and their potential effects, e.g., old 

records in our study were fully counted towards the number of records in the evaluation, which 

we tried to offset by a relatively high effective population size (500). Furthermore, deterministic 

calculations are usually limited to a single iteration and are less reliable for prediction of 

inbreeding under selection and the impact of diversity management. Beyond breeding program 

optimization, stochastic simulations can also be useful for method development, as they allow 

evaluation against a known underlying truth. However, care is required in defining this truth to 

avoid bias (or at least put this into context or view it as a proof-of-concept). We recommend 

high caution when there is no good model to describe the underlying biology for simulations, 

e.g., for structural variation in meiosis or the generation and impact of microbiome data. 

Outcomes of real-world breeding programs can not only be used as an input for deterministic 

calculations, but also to validate simulations and make them more realistic. Exemplary, Leite 

et al. (2022) reported limited benefit from CB genotyping, contrasting with our results from 

both deterministic and stochastic analysis. Potential reasons for this could be that underlying 

trait architectures in reality are non-additive, that a smaller relative number of CB animals were 

genotyped in Leite et al. (2022), or that evaluations focus on breeding values within line and 

explicitly not crossbred breeding values. More broadly, our results indicate that the assuming 

purely additive trait architectures in both deterministic calculations and simulations may 

introduce systematic biases when predicting outcomes of a breeding program, as a decline in 

PB performance does not necessarily imply reduced CB performance in non-additive settings. 

Therefore, a better understanding of underlying trait architectures is needed. As our simulation 

suggested increased genetic gain and reduced inbreeding rates, we highly recommend revisiting 

the potential of genotyping CB animals through real-world experiments.  

 

Conclusions 

Deterministic theory, stochastic simulation, and real-data–based approximations offer insights 

into breeding program outcomes. While deterministic calculations provide fast and intuitive 

expectations, stochastic simulations better capture the complexity of real breeding programs 

and clarify how and where changes to a breeding program affect the outcomes of a breeding 

program. Our results suggest that incorporating CB phenotypes and genotypes, could 

substantially improve market traits, motivating further in-depth analyses using real-world data 

for validation. 
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