
	  

 
Proceedings, 10th World Congress of Genetics Applied to Livestock Production 

 
A Co-association Network Analysis of the Genetic Determination of Pig Growth and Shape 

 
Puig-Oliveras, A.1,2, Ramayo-Caldas, Y.3, Corominas, J.1, Fernández A.I.4, Ibáñez-Escriche N.5,  

Ballester, M.1,2, and Folch, J.M.1,2 

1Centre de Recerca en Agrigenòmica, Campus UAB, Bellaterra, Spain. 2Departament de Ciència Animal i dels  
Aliments, Campus UAB, Bellaterra, Spain. 3National Institute of Agronomic Research, UMR1313 GABI,  

Jouy-en-Josas, France. 4Departamento de Genética Animal, Instituto Nacional de Investigación y  
Tecnología Agraria y Alimentaria, Madrid, Spain. 5Genètica i Millora Animal, IRTA, Lleida, Spain. 

 
 

ABSTRACT: Growth and carcass conformation are eco-
nomically relevant traits in the pork meat industry, affecting 
the proportions of different commercial cuts. Over 598 
QTLs for growth-related traits have been identified in pigs 
underpinning the complex genetic architecture of these 
traits. Gene-by-gene approaches are limited when analyzing 
complex traits involving different genes with small effects. 
Here, a network based methodology, named Association 
Weight Matrix, was applied to study gene interactions and 
pathways that may affect growth and shape. The co-
association network analysis suggested three transcription 
factors PPARγ, ELF1 and PRDM16 playing a key role in 
determining growth and conformation related traits. As a 
result of functional analysis, lipid metabolism was found to 
be among the most important pathways influencing these 
traits. This work provides insights about the identification 
of key regulators and new interactions among genes which 
may be important for determining animal shape and growth. 
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Introduction 
 

About 43% of the meat consumed worldwide pro-
ceeds from pigs, thus representing the major source of meat 
for human food intake. For the meat industry, the carcass 
conformation and growth are economically important traits 
determining the proportions of the different commercial 
cuts. Understanding the interactions between the genes 
defining body growth and conformation of pigs is therefore 
critical for an efficient pig production. Over 598 Quantita-
tive Trait Loci (QTL) for growth-related traits have been 
reported in pigs [http://www.animalgenome.org/cgi-
bin/QTLdb/SS/index]. Despite the large number of QTLs 
identified by QTL scan and Genome-Wide Association 
Studies (GWAS), the genetic architecture of these complex 
traits is far from being understood, as they are usually de-
termined by many genes having little effect. Furthermore, 
these methodologies have several other limitations when 
applied to study complex traits. For instance, the usage of 
multiple correction tests may result in removing some inter-
esting SNPs. Hence, for complex traits, a systems biology 
approach integrating the results into coherent network mod-

els offers many advantages that GWAS alone is not capable 
to cope. Recently, Reverter & Fortes (2013) developed a 
framework for integrating GWAS information into network 
inference algorithms, named Association Weight Matrix 
(AWM), to identify key regulatory elements and generate 
gene networks to better understand the regulatory mecha-
nisms of complex traits. Using this methodology, the main 
objective of this work was to identify key regulators and 
pathways determining animal growth and conformation 
traits, as well as, to provide in silico new information about 
gene interactions, in order to improve our knowledge about 
the architecture of these complex traits. 

 
Material and methods 

 
Animal material and genetic markers. A total of 

276 pigs belonging to three different generations (BC1_LD, 
BC and F3, including their founders) of the IBMAP popula-
tion obtained from the cross of 3 Iberian boars (Guady-
erbas) with 31 Landrace sows (Pérez-Enciso et al., 2000) 
were genotyped with the Porcine SNP60K BeadChip (Illu-
mina, Inc. San Diego, CA). Animals were fed ad libitum 
and slaughtered at 179.8 ± 2.6 days following national and 
institutional guidelines for the ethical use and treatment of 
animals in experiments. The quality control of the 62,163 
SNPs was performed by removing SNPs with MAF < 5% 
and missing genotypes > 5 %. For SNP mapping and anno-
tation we used the Sscrofa10.2 genome assembly. The ana-
lysed phenotypic records corresponded to body weight 
measured at 125, 155 and 180 days, backfat thickness 
measured by ultrasounds at 155 and 180 days and measured 
with a rule at slaughter, carcass length and weight, ham 
weight, shoulder weight, belly weight and the intramuscular 
fat content in muscle. 

 
Genome-wide association analysis. We performed 

a GWAS for twelve phenotypic growth traits. A mixed 
model accounting for additive effects was used in the 
Qxpak 5.0 software (Perez-Enciso and Misztal, 2011): 

 
 yijlkm= Sexi+Batchj+ βcl+ λlak  + ul+ eijlkm,  
 



	  

in which yijlkm was the i-th individual record, sex and 
batch were fixed effects, ß was a covariate coefficient with 
c being the covariate used in each case, λl was a -1, 0, +1 
indicator variable depending on the l-th individual genotype 
for the k-th SNP, ak represented the additive effect associat-
ed with SNP, ul represented the infinitesimal genetic effect 
and eijlkm was the residual. The false discovery rate (FDR) 
was calculated with the q-value library implemented in R 
(q-value ≤ 0.05).  

 
Association weight matrix. Using the GWAS re-

sults we built two matrices, one containing the normalized 
additive effects and the other the p-values, both for each 
trait and SNP. We then performed the analysis with the 
AWM script (Reverter and Fortes, 2013) in R selecting the 
SNPs associated (P < 0.05) with the ham weight, the key 
phenotype or a minimum of 3 dependent-phenotypes. The 
analysis included close SNPs (less than 2,500 bp) and far 
SNPs (more than 1,000,000 bp) from a gene. We identified 
the trio of transcription factors spanning most of the net-
work topology with a minimum redundancy. We used the 
PCIT algorithm (Reverter and Chan, 2008) in order to con-
struct a file with those reported gene-gene interactions 
among the 3 transcription factors and we used the Centi-
ScaPe plug-in of Cytoscape software (Shannon et al., 2003) 
to visualize the results and calculate the node centrality 
values (Deg) and network parameters.  

 
Functional analysis. The Ingenuity Pathways Anal-

ysis (IPA) software (www.ingenuity.com) was used to 
identify the most relevant biological functions and path-
ways in which the genes associated with the phenotypic 
traits were involved. IPA allowed the identification of 
overrepresented pathways using the Benjamini and 
Hochberg multiple testing correction of P-value (FDR < 
0.05) and the generation of biological networks.  

 
Results and discussion 

 
Network description and trait cluster analysis. In 

the present study, we used a systems biology approach 
considering 276 animals with 12 growth and shape related 
phenotypes and a total of 53,129 SNPs. A total of 1,936 
annotated genes with co-associated SNPs for the studied 
traits were retained using the AWM approach. Consequent-
ly, an AWM with 1,936 nodes, representing the genes, and 
a total of 392,198 edges, which account for the predicted 
interactions, was built. A highly interconnected network 
was obtained (Deg = 192.25; average distance = 2.46). In 
order to visualize the data with Cytoscape software we 
reduced the interactions only considering correlations > 
0.86 (equivalent to 𝑋 + 𝜎 =  0.79 + 0.07) which resulted in 
78,013 predicted interactions and 1,885 genes.  

 
 
 

 
 

 
Figure 1. Network showing the genes and their 

co-associations among the top trio of transcription fac-
tors. 

 
 
Key transcription factors regulating growth 

traits. Within the 1,885 associated-genes, the top trio of 
transcription factors identified was formed by the Peroxi-
some Proliferator-Activated Receptor Gamma (PPARγ; 
PPARγDeg = 150), the E74-Like Factor 1 (ELF1; ELF1Deg = 
299) and the PR Domain Containing 16 (PRDM16; 
PRDM16Deg = 354) genes, constituting a network with a 
total of 802 significant co-associations represented by 626 
genes (Figure 1). The PPARγ gene is a key regulator of 
adipocyte differentiation, glucose homeostasis and fatty 
acid metabolism. Furthermore, PPARγ plays a role in de-
termining the energy balance and the fat deposition, which 
may influence growth and body size (Cecil et al., 2005; 
Rieusset et al., 2004; Ryan et al. 2011). Although the ELF1 
function has not been well elucidated, other members of the 
ETS transcription regulator gene family are known to regu-
late adipocyte and osteoblast differentiation transactivating 
the PPARγ. Moreover, ELF1 has also been described to 
trigger the NF-κB and the Akt pathways involved in cell 
growth and differentiation and in lipid metabolism. Re-
markably, the FOXP3 gene which interacts with ELF1 has 
been identified in another study as a key transcription factor 
regulating intramuscular fat in cattle using the same meth-
odology (Ramayo-Caldas et al. 2014). Finally, the PRDM16 
gene is involved in the differentiation of the brown adipose 
tissue, specifically in the switch between myogenic and 



	  

adipogenic lineages. Noteworthy, the accumulation of 
brown adipose tissue may provide the energy required for 
the osteogenesis that is regulated by the ETS transcription 
factor family. In addition, PRDM16 activates PPARγ. All 
together, these results pointed towards the adipose tissue 
development as the main pathway related with growth traits 
variation in swine, that made sense because the live and 
carcass weight of the animal, as well as the primal-cuts 
weight, have a higher increase during the fattening phase 
(Mayoral et al., 1999). 

 
Pathway and functional analysis. Among the top 

networks identified with IPA there were the “Cell Cycle, 
Cellular growth and Proliferation, Cancer” (score = 38) and 
the “Endocrine System Development and Function, Lipid 
Metabolism, Molecular Transport” (score = 21). The top 
pathways functions identified with IPA were: “D-myo-
inositol (1,4,5)-Triphosphate Biosynthesis” (p-value = 
1.01×10-3) and “NF-κB Activation by viruses” (p-value = 
6.81×10-3). D-myo-inositol (1,4,5)-Triphosphate is a sec-
ondary messenger molecule used in signal transduction and 
lipid signalling. On the other hand, the NF-κB can be inhib-
ited by a high amount of n-3 fatty acids and also by PPARs 
decreasing the inflammatory response. The NF-κB signal-
ling pathway has also been identified in a study of human 
growth using gene expression data (Stevens et al., 2013). 
Therefore, in agreement with the function of the three key 
transcription factors, we also observed the lipid metabolism 
among the most relevant functions for growth and shape 
related traits.  

 
Conclusions 

 
The processes and mechanisms regulating growth–

related traits in pigs are complex and remain unknown 
despite being of great interest for the pork industry. The 
power of GWAS can be enhanced when simultaneously 
considering multiple phenotypes because complex traits 

generally have multiple correlated traits. In conclusion, the 
AWM gene co-association network analysis revealed key 
transcription factors and gene interactions that may deter-
mine the regulation of pig growth and shape. Furthermore, 
the results obtained here point towards the adipose tissue 
development and the lipid metabolism as the key functions 
and pathways implicated in the animal growth and shape. 
Network methodologies such as the applied in this work 
will be relevant to get further insights into the mechanisms 
underlying economically relevant complex traits in pigs. 
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