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Abstract 
Genomic prediction can improve the accuracy of estimated breeding values for traits driven by 
additive genetic effects within common settings but prediction of traits affected by non-additive 
genetic effects and GxE remains a challenge. Mechanistic growth models express growth 
performances in terms of nonlinear functional interactions between underlying latent traits and 
nutritional environmental effects. Assuming the latent traits are less affected by non-additive 
genetic effects and GxE, these models can capture certain non-additive genetic effects and GxE at 
the phenotype level and allow prediction at unobserved ages for longitudinal data, e.g. mature 
weight and mature feed intake. In this study, we developed a Bayesian hierarchical model to 
integrate a Gompertz model for body weight and feed intake into genomic prediction models for 
pigs. By predicting breeding values for biologically relevant underlying latent traits, these models 
have the potential to advance genetic improvement across populations and environments.  
 
Introduction 
Genomic prediction (GP) has facilitated genetic improvement by enabling more accurate estimated 
breeding values at an early age (Meuwissen et al., 2001). While GP is effective in predicting traits 
dominated by additive genetic effects within common settings, challenges of predicting non-
additive genetic effects and extrapolating to other conditions, such as to later ages or to other 
nutritional environments (GxE) remain. Previous attempts to address these challenges have mainly 
focused on statistical models, while augmentation of statistical models with biological information 
has received less attention. Developed from a nutrition perspective, mechanistic growth models 
(MGM) (e.g. van Milgen et al., 2008) describe growth performance as nonlinear functional 
interactions between underlying latent traits and nutritional environmental factors and can capture 
GxE and non-additive genetic effects that are created by the non-linear relationships embedded in 
the MGM. Following the pioneering ideas of Varona et al. (1997) and Bourdon (1998), several 
studies have sought to accommodate such MGM in genetic prediction (Doeschl-Wilson et al., 2007; 
Cai et al., 2012). Their successes were limited either by lack of appropriate statistical and 
computational methods or by the absence of genomic information. In plant breeding, crop growth 
models have recently been integrated into GP (Technow et al., 2015; Messina et al., 2018; 
Campbell et al., 2020), leading to increases in prediction accuracies for performance in other 
environments compared to standard GP methods. Against this background, the objective of this 
study was to develop a Bayesian hierarchical model to integrate an MGM into GP for pigs.  
 
Materials and Methods 
Bayesian Hierarchical Model for Body Weight and Feed Intake. The proposed model to integrate 
a MGM for body weight (BW) and daily feed intake (DFI) into GP is presented in Figure 1 and 
was implemented using the programming language Julia (Bezanson, Jeff, et al., 2017). The MGM 
of the InraPorc model (van Milgen et al., 2008), with a reparameterized Gompertz model for BW 
and a gamma function for DFI as a function of BW, was used to connect five latent traits to 
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observed BW and DFI data. The five latent traits (i.e. DFI50, DFI100, Age115, Shape, and BW65, 
as defined in Figure 1, were chosen based on biological relevance, and they were modeled as a 
linear combination of an intercept (𝝁𝝁), contemporary group effects (𝑪𝑪𝑪𝑪), and additive SNP (𝜶𝜶) 
and residual effects (𝒆𝒆). Observed traits of BW and DFI were then modeled as a function of the 
latent variables through the MGM. While latent traits were modeled as additive effects without 
GxE, the MGM allows for certain non-additive genetic effects and GxE for BW and DFI by 
internally creating non-linearity and interactions among genetic and environmental effects. We 
implemented MCMC to sample the unknown parameters of the MGM using a multi-trait Bayesian 
regression model. Specifically, the 𝝁𝝁, 𝑪𝑪𝑪𝑪, and 𝜶𝜶 were sampled conditional on the latent traits 
using Gibbs sampling, while the five latent traits were jointly sampled using the Metropolis-
Hastings algorithm, given the observed BW and DFI data. Variance components were obtained by 
Gibbs sampling.  
 

 
Figure 1. Structure of the Bayesian hierarchical model to integrate a mechanistic growth 
model (MGM) with five latent variables (blue font) for BW and DFI into genomic prediction.   
 
Application. The model was applied to daily BW and DFI data from ~83 to ~186 days of age on 
3,934 purebred boars in 97 contemporary groups, that were genotyped for 24K SNPs. Phenotypes 
of the 2,000 earlier born pigs were used as training and the remaining pigs as validation. Prediction 
bias and accuracy were estimated by forward cross-validation (CV) based on regression and 
correlation (divided by the square root of heritability) of observed BW and DFI adjusted for 𝑪𝑪𝑪𝑪 
on predictions for the validation data. Because such CV does not allow evaluation of predictions 
for latent variables and for BW and DFI outside the observed age range, predictions were also 
evaluated using the linear regression (LR) method of Legarra and Reverter (2018), using 
predictions based on partial and whole data, which we applied to the non-linear models.   
 
Results and Discussion 



Figure 2 shows GP for BW and DFI from 0 to 500 days for the validation data. Note that 
predictions extend outside the age range with phenotypes, which is facilitated by the MGM. The 
GP for BW and DFI plateaued at ~400 and ~300 days, respectively. Previous studies used a 2-step 
method to incorporate growth models into genetic evaluation (Kachman et al., 1998; Vautier et al., 
2013), with latent variables estimated on an individual basis in a first step, using only that 
individual’s data, followed by genetic analysis of the estimated latent variables as phenotypes. Our 
model integrates these two steps and leverages relationships among individuals to estimate the 
latent traits for all individuals, regardless of the amount of data available for each. 
Estimates of accuracy and bias for BW and DFI based on the LR and CV methods are also in 
Figure 2. Leveraging the LR method, we computed the accuracy and bias of GP of the latent traits 
(Table 1) and for BW and DFI outside the observed data (Figure 2). The LR method uses the 
relationship between predictions based on partial and whole data and can, therefore, estimate 
accuracy and bias of predictions of traits that do not have corresponding observed phenotypes 
(Legarra and Reverter, 2018). The latent traits have specific biological meaning related to growth 
processes based on the MGM of van Milgen et al. (2008). The GP for latent trait DFI100 had the 
highest accuracy (0.51), while the GP for Shape had the lowest accuracy (0.43). As Shape is related 
to the inflection point and mature weight, its low accuracy is likely because the BW and DFI data 
are from a very linear part of the growth curve. Prediction bias was found for all latent traits, 
ranging from 0.61 to 0.91, compared to the expectation of 1 for unbiased predictions. 
 

 
Figure 2. GP for BW (A) and DFI (B) for the validation data and estimates of bias and 
accuracy of GP of BW (C) and DFI (D) using the LR and CV methods.  
 
Table 1. Bias and accuracy of genomic predictions of latent traits based on the LR method.   

Age115 Shape BW65 DFI50 DFI100 
Bias (unbiased if = 1) 0.66 0.73 0.61 0.83 0.91 
Accuracy 0.51 0.43 0.45 0.51 0.55 



Compared to the CV method, which only allows evaluation of predictions within the age range 
with phenotypes, the LR method resulted in much higher estimates of accuracy and lower estimates 
of bias (i.e. closer to 1) of predictions for BW and DFI for that age rage, although the trends with 
age were similar (Figure 2). Macedo et al. (2020) pointed out that the LR method can result in 
false estimates of bias when a seriously flawed model is fitted but that estimates of accuracy are 
robust. However, in a separate simulation study, we found that estimates of both bias and accuracy 
from the LR method can be biased when using a flawed model, in contrast to the CV method.  
In conclusion, the proposed Bayesian hierarchical model allows GP for biologically relevant latent 
traits based on a MGM and can, thereby, accommodate certain non-additive genetic effects and 
GxE and allow prediction of traits outside the age range with data. Selection on GP for latent traits 
is expected to lead to greater rates of genetic improvement and the ability to better deal with GxE, 
if the latent traits are less affected by non-additive genetic effects and GxE. Whether they are, 
however, requires further investigation and potentially reparameterization of the latent variables. 
However, caution must be exercised when using the LR method to evaluate predictions as it may 
provide biased estimates of accuracy and bias when the model used is not valid for the data at hand. 
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