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Introduction 

Accurate prediction of phenotypic performance is essential for improving selection and 

management decisions in livestock production, thus accelerating productive performance 

(Forutan et al., 2023; Yin & König, 2016). Approaches that leverage genotypes and phenotypes 

from relatives have become standard practice in animal breeding (Mrode et al., 2019; Wiggans 

et al., 2011) since Meuwissen et al. (2001) proposed genomic selection using simulated data. 

In pig breeding, traits of economic importance, such as feed efficiency, growth, and 

reproduction, are often expensive, labor-intensive, or challenging to measure directly in 

selection candidates (Guan et al., 2024; Delpuech et al., 2021). Therefore, there is considerable 

interest in identifying biologically informative intermediate phenotypes that can be reliably 

measured and integrated into selective breeding programs (Legarra & Christensen, 2023; 

Goldansaz et al., 2017; Fontanesi, 2016). 

Metabolite-profile data offers a dynamic snapshot of an organism’s physiological and 

biochemical state (Fiehn, 2002). Blood metabolites are influenced by both genetic and 

environmental factors and have shown promise as intermediate phenotypes (Jang et al., 2019). 

Integration of metabolite-profile data into genetic evaluations has been explored in barley (Guo 

et al., 2023) and in pigs for average daily gain (Guo et al., 2025), yielding small increases in 

prediction accuracy. However, metabolite sampling time is crucial (Bromage et al., 2016), and 

the effects of metabolites on phenotypes may vary across traits (Aliakbari et al., 2019). 

Our study aimed to address the temporal dynamics in omics-based prediction by analyzing 

metabolite-profile data collected at 10-week and 20-week of age. We evaluated five 

economically important traits for pigs: average daily feed intake (DFI), feed conversion ratio 

(FCR), backfat thickness (BF), test daily gain (TDG), and loin depth (LD). We hypothesize 

that integrating individual-level metabolite-profile data collected at multiple growth stages into 

prediction models will improve phenotype prediction accuracy compared to using genomic 

data alone, and that the degree of improvement will be timepoint and trait dependent. 

 

Materials & Methods 
Dataset. Metabolite-profile data were provided by PIC (a Genus company, Hendersonville, 

TN, USA). Blood samples were taken from 2,101 pigs from a single purebred population at 

both 10-week and 20-week of age and analyzed using 1H NMR (Proton Nuclear Magnetic 

Resonance) spectroscopy, generating individual metabolite-profile data for 149 metabolites. 

Blood samples were stored at −80 °C. The 1H NMR spectra were acquired at 310 K on a Bruker 

AVANCE III 600 MHz IVDr certified spectrometer equipped with a BBI probe, automatically 

preprocessed using Bruker software. The traits analyzed were: DFI, FCR, TDG (measured from 

10-week to 20-weeks span), BF, and LD (measured at 20-week). All genotypes were imputed 

to a medium-density panel of 37k markers using AlphaImpute (Hickey et al., 2012). 
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For quality control (QC), metabolites with more than 20% missing data were excluded. This 

resulted in a final dataset of 95 metabolites. QC for genotype data included filtering out SNPs 

with a minor allele frequency (MAF) below 0.01, resulting in 37,199 SNPs retained for 

analysis, and no animals exceeded the 5% genotype missingness threshold used for exclusion. 

Finally, the dataset was further restricted to 1,637 individuals with complete 10-week and 20-

week metabolite profiles, performance trait records, and genotype data. 

 

Statistical Methods. For each trait, we evaluated seven linear mixed models (G, M1, M2, 

M1+M2, G+M1, G+M2, and G+M1+M2); where G is the genotype-only model, M1 and M2 

are metabolite-only models for 10-week and 20-week metabolite profiles, respectively, and the 

rest are their combinations. Prior distributions of regression coefficients were specified 

according to the BayesC method, using two separate sets of hyperparameter values for 

genotype and metabolite profiles (Wang & Cheng, 2021). Eq.1 is when only genotypes were 

included (conventional BayesC model): 

𝐲 = 𝐖𝛉 + 𝐗𝛃 +  𝐞          (1) 

where y is the 𝑛 × 1 phenotype vector (n = 1,637 individuals); 𝛉 is the vector of systematic 

effects and 𝐖 is its corresponding design matrix; 𝐗  is the 𝑛 × 𝑝 genotype matrix (p = 

37,199 SNPs);  𝛃 is the 𝑝 × 1 vector of marker effects; and 𝐞 is the  𝑛 × 1  vector of residuals 

with the distribution of 𝐞~ N(0, 𝐈𝜎𝑒 
2). 

In the BayesC framework, marker-effect estimation is based on a biologically meaningful 

assumption that only a subset of all genomic variants has non-zero effects, while the majority 

do not influence the phenotype. The model, therefore, infers a null-effect probability, π, which 

reflects the proportion of SNPs whose effects are zero. For the remaining SNPs, their effect 

magnitudes are assumed to follow a normal distribution with mean 0 and variance 𝜎𝛽
2.  Thus, 

the effect of SNP j is modeled as a mixture distribution comprising a point mass at zero and a 

normal distribution as expressed as: 

𝛽𝑗  =  {
N (0, 𝜎𝛽

2)             with probability (1 −  π)

0                   with probability (π)
 

Metabolite-profile data were included as additional random regressors. Eq.2 is when 

metabolites from 10-week and 20-week were analyzed together: 

𝐲 = 𝐖𝛉 + 𝐗𝛃 + 𝐙𝟏𝐮𝟏 + 𝐙𝟐𝐮𝟐  + 𝐞         (2) 

where variables 𝐲, 𝐖𝛉, 𝐗𝛃, and 𝐞  are the same as Eq.1,  Z1 and  Z2 are the matrices of 

metabolites from weeks 10 and 20, respectively, where each matrix entry in the ith row and  jth 

column represents the jth metabolite feature for individual i, and u1 and u2 are their 

corresponding effect vectors. For DFI and TDG, litter was included as a random effect and 

birth year-month was included as a systematic effect, whereas for FCR, BF, and LD, only litter 

was included as a random effect. The choice of including random and systematic effects in the 

models for each trait was based on their optimal prediction performance in the baseline 

genotype-only (G) model. Prediction accuracy was calculated as the Pearson correlation 

between estimated values and adjusted phenotypes in the testing set. The full dataset was 

randomly split into training (80%) and testing (20%) sets with 20 replications. Model 

parameters were estimated from the training set and predictions were generated for the testing 

set. No parent-offspring relationships were present, but related individuals may have appeared 

in both the training and testing sets. 

 

Results 
Figure 1 shows the Monte Carlo cross-validation distribution of predictive accuracies for all 

models relative to G, used as the baseline. Each point represents, for one of 20 random train/test 

splits, the differences in prediction accuracy between the model indicated on the x-axis and the 
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genotype-only (G) baseline. The box plots represent the distributions of accuracy differences 

relative to G for all models and traits. 

 

 
Figure 1 Box plots showing the differences in prediction accuracy across various models 

relative to the genotype-only baseline (Model G) for five traits: a. DFI, b. FCR, c. BF, d. TDG, 

and e. LD. Each plot represents the difference in prediction accuracy between the genotype-

only model and metabolites-only models (blue boxes) or combined genotype and metabolites 

models (yellow boxes). Statistical significance is indicated by * (*p-value < 0.05, ** p-value 

< 0.01, *** p-value < 0.001). 

 

All metabolites-only models (M1, M2, and M1+M2) showed notably lower (p<0.001) 

prediction accuracy across traits compared to G model, except for traits DFI and FCR, where 

the prediction accuracy for the M2 and the M1+M2 models were similar (p>0.05) to the G 

model. Furthermore, M2 showed a clear superiority as a single timepoint across traits over M1, 

except for LD. Also, M1+M2 model mostly yielded higher prediction accuracies than only M1 

or only M2 model, with some exceptions. Further, the accuracy for G+M2 was consistently 

increased (p<0.001) across all five traits. However, G+M1 did not improve prediction accuracy 

(p>0.05) over the genotype-only model for DFI, BF, and TDG, whereas it provided noticeable 

gains for FCR (p<0.05) and LD (p<0.01). Combining metabolite-profile data from both 
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timepoints with genotype data (G+M1+M2) achieved a significant overall improvement in 

accuracy (p<0.001) relative to the G model across all five traits. 

 

Discussion 
This study evaluates the potential of integrating individual-level metabolite-profile data from 

multiple timepoints for five economically important production traits in pigs. Our findings 

confirm that combining metabolite-profile data with genotype data led to consistent 

improvements in prediction accuracy across all five traits, which is aligned with Guo et al. 

(2025), who reported a small increase in prediction accuracy for average daily gain in pigs 

while integrating metabolite-profile data with genotype. Also, the biological relevance of 

incorporating metabolite-profile data in phenotypic prediction is trait dependent. For traits like 

BF and TDG, the inclusion of late-stage metabolite-profile data (20-week), with or without the 

early-stage metabolite-profile data (10-week) provides further useful signals when combined 

with genotype data. DFI, FCR, and LD, being influenced by both early and late biological 

stages, benefit from the integration of metabolite-profile data from multiple timepoints. 

Furthermore, for LD, the highest performance was achieved when combining both timepoint 

metabolite-profile data with genotypes. These suggest that late-stage metabolite profile data 

were more informative than early-stage metabolite profile data for predicting these traits. 

 

Conclusion 
This study demonstrates that integrating individual-level metabolite-profile data with genotype 

data can improve the prediction accuracy for some key production traits in pigs. While 

metabolite-profile data alone yields relatively low predictive power in most scenarios, their 

combination with genotype data consistently enhances prediction accuracy across all five 

studied traits. By integrating this omics data, prediction models gain access to non-redundant 

biological information not captured by genotypes alone. 
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