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Introduction 

Current genomic prediction of livestock phenotypes typically relies on single-nucleotide 

polymorphism (SNP) data from microarrays, while correcting for fixed effects (Calus, 2010; 

Meuwissen et al., 2016). Advances in biotechnology now enable the collection of complementary 

omics data—such as transcriptomics and epigenomics—at decreasing costs (McKinsey Global 

Institute, 2020; Fang et al., 2025). However, the extent to which these added molecular layers 

improve prediction (when measured on the selection candidates) compared to genotypic data alone 

remains unclear. The objective of this study was to compare the predictive performance of genomic, 

transcriptomic, and methylomic information, individually and in combination, for three pig 

production traits using multi-omic mixed models. 

 

Materials & Methods 
Phenotypes, genotypes, DNA methylation levels, and mRNA expression data were available for 443 

boars from three breeds: Duroc (143), Landrace (148), and Yorkshire (152). Phenotypes included 

average daily gain (ADG), backfat thickness (BFT), and residual feed intake (RFI), all of which were 

adjusted for systematic environmental effects. Animals were genotyped with the GGP Porcine 50k 

microarray. DNA methylation levels at CpG sites were quantified using reduced representation 

bisulfite sequencing (RRBS), while mRNA expression levels were measured via RNA sequencing 

(RNA-seq). Tissue samples for both RRBS and RNA-seq were obtained from longissimus dorsi (loin 

muscle) biopsies when boars reached an approximate body weight of 100 kg. 

After quality control and imputation, 11,822 SNPs, 16,074 CpG sites, and 14,293 transcript features 

were retained for the construction of the relationship matrices used in the mixed models. Relationship 

matrices were constructed separately for each omics layer. Multi-breed genomic relationship 

matrices (GRMs) were constructed from SNP genotypes following the first method proposed by 

Wientjes et al. (2017). Within-breed transcriptomic and methylomic relationship matrices were 

constructed as 
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
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where Xa is a matrix of centered and scaled omic levels (methylation or transcripts) for breed a, and 

k is the number of CpG sites or expressed genes analyzed. Between-breed relationship matrices were 

computed as 

 a b
ab k


=

X X
R  (2) 

where a and b denote different breeds. The full multi-breed relationship matrices were assembled by 

combining within- and between-breed blocks as 
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For example, RDD represents a within-breed relationship matrix for Duroc animals (Eq. 1), and RDL 

represents a relationship matrix between Duroc and Landrace animals (Eq. 2). 

Multi-omic mixed models were fitted including genomic, transcriptomic, and methylomic effects, 

either individually (GBLUP, TBLUP, MBLUP) or in combination as independent random effects 

(GTBLUP, GMBLUP, GTMBLUP). The general model was 
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where y is a vector of adjusted phenotypes, μ is a vector of means, Ii is an indicator variable equal to 

1 if the i-th omic is included in the model and 0 otherwise, Zi is an incidence matrix linking animals 

to random effects, ui is a vector of animal random effects for the i-th omics layer, and e is a vector 

of residuals. The model was first used to estimate the contributions of genetic, transcriptomic, and 

methylomic effects to phenotypic variation, with variance components estimated by restricted 

maximum likelihood (REML). Subsequently, variance components were fixed at their estimated 

values and phenotypes were predicted using best linear unbiased prediction (BLUP). 

Prediction accuracies were evaluated using leave-one-out and leave-one-breed-out cross-validation, 

based on Pearson correlation coefficients between the adjusted phenotypes and their predicted values. 

The leave-one-breed-out (LOBO) cross-validation scheme was performed three times by training the 

model on two breeds and testing it on the remaining breed. The leave-one-out cross-validation 

(LOOCV) scheme was run 443 times, predicting one animal at a time after training the model on the 

remaining 442 animals across all breeds. 

 

Results 
The proportions of phenotypic variance attributed to each omics layer are shown in Fig. 1 to 3. When 

included in the model, transcriptomic effects accounted for the largest proportion of explained 

variance. Although methylomic variance components were often larger than genomic components, 

this did not translate into higher prediction accuracies in LOOCV (Table 1). In LOBO cross-

validation (Table 2), GMBLUP yielded higher accuracies than GBLUP only in some breed–trait 

combinations. In both LOBO and LOOCV, models including transcriptomic information consistently 

outperformed genomic-only and methylomic-only models for all three traits. TBLUP was the most 

accurate single-omic model, while GBLUP and MBLUP showed lower prediction accuracies. 

Combining genomic and transcriptomic information resulted in the highest prediction accuracies, 

and inclusion of methylation yielded limited additional improvement in this dataset. 

 
Figure 1. Variance components for average daily gain in different mixed models, expressed as 

proportions of the phenotypic variance. Sources of variation are E (residual), M (methylation), T 

(RNA transcripts), and G (genotype). 

 

Model

G
TM

B
LUP

G
M

B
LUP

G
TB

LUP

M
B
LUP

TB
LUP

G
B
LUP

100

80

60

40

20

0

%

E
M
T
G

Component

ADG
Variance Components



3 

 

 
Figure 2. Variance components for backfat thickness in different mixed models, expressed as 

proportions of the phenotypic variance. Sources of variation are E (residual), M (methylation), T 

(RNA transcripts), and G (genotype). 

 
Figure 3. Variance components for residual feed intake in different mixed models, expressed as 

proportions of the phenotypic variance. Sources of variation are E (residual), M (methylation), T 

(RNA transcripts), and G (genotype). 

 

Table 1. Leave-one-out cross-validation prediction accuracies1. 

 Trait  

Model ADG BFT RFI  

GBLUP 0.12 0.24 0.19  

TBLUP 0.35 0.32 0.56  

MBLUP 0.19 0.18 0.19  

GTBLUP 0.36 0.39 0.58  

GMBLUP 0.19 0.25 0.23  

GTMBLUP 0.37 0.39 0.57  
1  Pearson correlation coefficient between adjusted phenotypes and predicted values. 
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Table 2. Pearson correlation between adjusted phenotypes and predictions in the leave-one-breed-

out cross-validation schemes. 

Model 

Duroc  Landrace  Yorkshire 

ADG BFT RFI  ADG BFT RFI  ADG BFT RFI 

GBLUP 0.01 0.05 0.11  0.03 0.22 0.00  -0.08 0.16 0.08 

TBLUP 0.14 0.24 0.50  0.33 0.45 0.66  0.31 0.27 0.52 

MBLUP 0.14 0.02 0.16  0.06 0.09 -0.01  0.18 0.07 0.02 

GTBLUP 0.14 0.24 0.50  0.33 0.49 0.66  0.29 0.31 0.52 

GMBLUP 0.13 0.10 0.18  0.06 0.20 0.00  0.14 0.17 0.05 

GTMBLUP 0.16 0.24 0.50  0.32 0.49 0.63  0.32 0.31 0.50 

 

Discussion 

Transcriptomic information substantially improved prediction accuracy compared to genomic 

information alone. Improvements in phenotype prediction accuracy using RNA transcripts have been 

recently reported in animal breeding studies (Perez et al., 2022; Haas et al., 2025; Jia et al., 2024; 

Jové-Juncà et al., 2026). In comparison, DNA methylation showed modest but trait- and breed-

dependent gains, generally underperforming as a standalone omics layer but occasionally enhancing 

accuracy when combined with other omics. Prediction performance was assessed using correlation-

based predictive ability under cross-validation. Although no formal hypothesis testing was conducted 

between models, consistent differences across traits and validation schemes indicate a robust 

advantage of transcriptomic-based models in these populations when using longissimus dorsi 

biopsies. These differences may reflect a closer functional proximity of gene expression to 

phenotypic outcomes. 

 

Conclusions 
Transcriptomic information consistently improved prediction accuracy for pig production traits 

compared to genomic information alone. Models combining genomic and transcriptomic data 

achieved the highest accuracies. DNA methylation showed modest and trait-dependent contributions, 

providing limited additional improvement overall but occasionally enhancing prediction in specific 

breed–trait combinations. Overall, transcriptomics was the most informative omics layer for 

phenotype prediction in this dataset. 
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