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Introduction 

Pork is one the most heavily consumed meats, accounting for 30% of the total global meat 

consumption (Vicente and Pereira, 2024). In response to the increase in demand and 

consumption of pork, swine breeders aim to increase both efficiency and quality of pork 

production. Feed related costs remain the largest expense, representing 65% to 80% of total 

production cost (Alves et al., 2022). Feeding behaviour traits are viewed as indirect 

indicators of feed efficiency (FE), good welfare and resilience (Ding et al., 2018). Therefore, 

deepening the understanding of feeding behaviours provides a potential solution to enhance 

production efficiency and welfare.  

Time spent at the feeder per day (TPD) and number of visits to the feeder per day (NVD) are 

examples of feeding behaviour traits, which have been used to predict illness in pigs (Kavlak 

et al., 2023). Therefore, tracking feeding behaviour can allow for timely intervention and 

monitoring with no additional costs for farms that have automatic feeders. Additionally, the 

phenotypic and genetic correlations between feeding behaviour with economically important 

traits, such as FE, can allow for an enhanced selection response. For example, the inclusion 

of feeding behaviour traits in the selection index of Pietrain pigs allowed for a 19% increase 

in the selection response for residual gain (Núñez et al., 2023). Currently, the genetic 

architecture and biological mechanisms underlying feeding behaviour traits remain elusive. 

Genome-wide association studies (GWAS) allow for the identification of genomic regions 

associated with economically important traits, providing biological insight and supporting the 

refinement of genomic prediction models (Do et al., 2013). Thus, the objective of this study 

was to perform GWAS through a linear mixed model (LMM) and Bayesian B (BayesB) 

model to identify significant single nucleotide polymorphisms (SNPs) and annotate candidate 

genes associated with TPD and NVD traits in Canadian purebred Duroc pigs.  

 

Materials & Methods 

Alphagene farms (Quebec, Canada) now part of PIC, provided historic phenotypic data from 

2015 to 2022 where 1,480,103 daily feeding records were collected on 19,591 Duroc pigs. 

Pigs were fed the same diet ad libitum, with TPD and NVD measured through an automatic 

feeding system (FIRE® feeders, Osborne Industries Inc or IVOG® feeders, Hokofarm group). 

Animals with less than 60 days of feeding records and phenotypic outliers (±3.5 standard 

deviations) were omitted prior to analysis to ensure normality and data accuracy. Estimated 

breeding values (EBVs) were calculated using a single-trait animal model with herd-year-

season, sex, body weight at the start of the testing period and age as fixed effects, and pen, 

maternal, common litter, additive genetics and residuals as random effects using the software 

ASReml-R version 4 (Butler et al., 2023). Any EBVs derived from pedigree information or 

with a reliability lower than 0.1 were excluded prior to further analysis. Deregressed 

estimated breeding values (dEBVs) were obtained following Garrick et al. (2009) and 
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subsequently used as pseudo‑phenotypes for the GWAS analysis. 

 

Genotypic data. Ear tissue samples of 16,395 individuals were sent to various companies for 

genotyping: Rapid Genomics, Genome Quebec, Eurofins, DNA Landmarks and the 

University of Guelph. Rapid Genomics used low-density SNP panels with either 3,500 or 

1,200 markers selected from the Affymetrix 50K panel (Affymetrix, Santa Clara, CA, United 

States). Genome Quebec and Eurofins used the Affymetrix 50K panel (Affymetrix, Santa 

Clara, CA, United States), while DNA Landmarks and the University of Guelph used an 

Illumina 60K panel (Illumina Inc., San Diego, CA, United States). All genotypes were 

imputed to the Affymetrix PigGen Canada 50K panel v2.0 using FImpute 3.0 software 

(Sargolzaei et al., 2014). SNPs with minor allele frequency <0.01, individuals with a call rate 

<0.9, and loci deviating from Hardy-Weinberg p < 0.0001 were removed using PLINK 1.9 

(Chang et al., 2015) to maintain quality control (QC). This QC resulted in a final dataset of 

38,121 SNPs with phenotypic records on 8,860 pigs for NVD and 8,861 for TPD.  

 

GWAS analysis. The following LMM using the genome-wide complex trait analysis 

(GCTA) software (Yang et al., 2014) was used to detect associations between each SNP and 

dEBVs (1): 

y = a + bx + g + e                                                    (1) 

where y is the vector of dEBVs for each trait, a is the mean, b is the fixed effect of the 

candidate SNP to be tested for association, x is the SNP genotype indicator variable coded as 

0, 1 or 2, g is the polygenic effect and e is the residual. It was assumed that g and e follow 

normal distributions , and  in which  and  represents the 

additive polygenetic variance, and residual variance, respectively, while G is the genomic-

based relationship matrix and I being the identity matrix. An adjusted p-value threshold of p 

< 9.44e-5 for NVD and p < 9.57e-5 for TPD was calculated using the false discovery rate 

(FDR) with an FDR level of 0.01. A second GWAS was performed using BayesB 

implemented in the R package hibayes (Yin et al., 2022). Genomic windows were defined as 

500 kb with no overlap, and Markov chain Monte Carlo analyses were run for 50,000 

iterations with a burn-in of 10,000 iterations. Results from both methods were visualized 

using Manhattan plots generated with the R package CMplot (Yin et al., 2021). Genes 

located within 500 kbp of significant SNPs were annotated using the Ensembl Biomart 

database via the R package biomaRT (Durinck et al., 2009). Gene Ontology (GO) enrichment 

analyses were performed using the software PANTHER with all the named candidate genes 

for each respective trait (Thomas et al., 2003). Pathways with the highest number of genes 

identified from the imputed candidate genes were highlighted for discussion. 

 

Results & Discussion 

Six significant SNPs on Sus scrofa (SSC) chromosomes 2, 3, and 4 were identified for NVD 

through LMM, and seven on SSC 1, 6, and 14 for TPD, while BayesB identified 21 

significantly associated SNP windows for NVD and 31 for TPD. The significant SNPs 

identified through LMM and those that overlap in BayesB are summarized in Table 1 and 

visualized in Fig. 1.  Differences in results between the two methods may be due to 

fundamental variations in assumptions but could also signify trait-specific genetic 

architectures such as different SNP effect sizes. Although, SSC 1, 7, 12, 13 and 14 have been 

associated with feeding behaviour (Do et al., 2013; Ding et al., 2018), the identified 

significant SNPs from this study have not been identified previously, suggesting they may be 

novel variants. There were 21 candidate genes associated with TPD and 55 for NVD. 

Notably, DRD4 has been previously strongly associated to obesity and feeding behaviour in 

humans (Silveira et al., 2014). Other candidate genes, such as NGF, regulate cell 
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proliferation, growth and survival, with associations to obesity and metabolic complications 

in humans (Ding et al., 2020). Both traits shared GO terms, including transcription factor 

binding, cellular anatomical entity, and biological regulation. Candidate genes of NVD, 

HRAS and BMP10 were additionally identified to be involved in the TGF-β signalling 

pathway, which is associated with obesity and diabetes in humans (Yadav et al., 2011). 

Therefore, the identified candidate genes pose a possible link to feeding behaviour and feed 

related traits such as efficiency and metabolic disorders. However, as most functional 

analysis for these genes is in humans, further analysis is required to determine the specific 

functions in pigs and how they connect to feeding overall.     

 

Table 1. Significant SNPs, significant windows and candidate genes for the number of visits 

to the feeder per day (NVD) and time spent at the feeder per day (TPD) resulting from the 

linear mixed model and Bayesian B model. 

 LMM BayesB Top candidate 

genes 
Trait Position SNPs p-value Window BP WPPA 

NVD 2:69250 rs324063164 6.40×10-5 

21781- 

469146 
0.998 

IRT3, HRAS, 

DRD4, 

PNPLA2, 

BMP10, 

NHLH2, NGF, 

TSHB 

2:125327 rs330530611 8.73×10-5 

2:157839 rs320993727 7.30×10-5 

2:159141 rs324933303 4.22×10-5 

3:73832743 rs319720926 8.12×10-5   

4:105312765 rs80856655 3.31×10-5   

       

TPD 1:30346083 rs80826222 7.02×10-5   

SLC2A12, 

GPR26, 

SLC6A2, IRX5 

1:30379857 rs80797379 9.09×10-5   

1:30517069 rs81296982 5.00×10-5   

6:29780931 rs321966293 7.68×10-6   

6:30303413 rs339247109 6.15×10-6   

14:132650143 rs80916286 4.22×10-5 132566098- 

132980840 
0.973 

14:132681369 rs345812860 2.26×10-5 
Note: TPD: Time spent at feeder per day, NVD: Number of visits to feeder per day, LMM: Linear mixed model, 

position (chromosome: base pair), Window BP: Window base pair position and WPPA: window posterior 

probability of association.  

 

 
Figure 1. Manhattan Plots for A: Number of visits to feeder per day (NVD) through the 

Linear Mixed Model (LMM), B: Time spent at feeder per day (TPD) through LMM, C: NVD 

through the Bayesian B model (BayesB), D: TPD through BayesB. 
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Conclusions 

This study used GWAS to identify six significant SNPs and 21 significant SNP windows for 

NVD using LMM and BayesB, while TPD was associated with seven significant SNPs and 

31 significant SNP windows. Several candidate genes were found near significant SNPs, 

including DRD4, NGF, HRAS, and BMP10, which have known roles in obesity, metabolism 

and feeding behaviour in humans. These findings have potential applications in genomic 

selection programs where feeding behaviour can be improved as an indirect indicator of 

feeding efficiency, good welfare and health of pigs.  
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