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ABSTRACT: New genomic tools like draft sequences and 
high density SNP chips allow researchers to investigate 
underlying phenomenon that are not readily obvious from 
previous studies. Most researchers have used these to per-
form genome wide association studies but a number of oth-
er interesting problems can be tackled.  Such tools allow for 
understanding individual gene effects on multiple traits, 
identifying recessive deleterious mutations, discovering 
inbreeding in specific genomic regions, studying popula-
tion(s) structure(s), and finding signatures of selection and 
selective sweeps. To investigate these areas we examined 
several pig populations using 60K SNP chip data.  Analyses 
revealed genomic regions that contain genes that control 
several traits and in some cases regions that break the usual 
genetic correlation. Other analyses identified regions where 
homozygosity has been enhanced through selection or is 
missing, presumably due to underlying lethal alleles. Such 
analyses provide the opportunity to better understand genet-
ic control of traits important for pig production. 
Keywords: Swine; Genomic selection; Signatures of selec-
tion; Runs of homozygosity; Lethal alleles 
 
 

Introduction 
 

Nearly 25 years ago at the 4th WCGALP in Edinburgh 
Rothschild (1990) discussed “The Role of Biology in Fu-
ture Breeding Programs”. The discussion centered around 
producing more efficient pig growth and reproduction by 
using the then brand new tools of molecular genetics and 
reproductive technologies to better understand and manipu-
late the biology of the pig.  These production traits and oth-
ers including disease resistance, appetite and behavior pre-
sented challenges that as geneticists we believed we could 
better understand if only the new age tools including gene 
identification and mapping, combined with reproductive 
technologies, could be effectively applied to our breeding 
programs. 
 
 We know now after many years that those tools 
only allowed us to peek into the black box that quantitative 
genetics had ignored. Today however, our tools are consid-
erably more sophisticated and we are beginning to crack 
open the black box with the hope of better understanding 
the same traits that have limited pork production and our 
understanding of the biology of the pig.  We have a draft 
sequence of the pig genome (Groenen et al.(2012)) and 
sophisticated genotyping arrays called SNP chips (Ramos et 
al. (2009)). We now have more sophisticated statistical 
tools to interrogate datasets for genomic differences togeth-
er with increased ability to understand these underlying 

differences. This means we can once again attempt to better 
understand the pig’s biology to address our goal of produc-
ing more efficient growth and healthier full market value 
pigs. In particular applications of the new SNP technologies 
include: 
 

! Conducting genome-wide association studies and 
genome selection 

! Understanding individual gene effects on (multi-
ple) traits 

! Finding recessive deleterious mutations 
! Measuring genomic inbreeding 
! Understanding population structure 
! Finding signatures of selection and selective 

sweeps 
 

The purpose of this paper is to explore some of the use of 
these techniques relative to several traits in pigs, to review 
recent results from next generation sequencing and to set 
the scene for their incorporation into future pig research and 
breeding programs. 

 
Materials and Methods 

 
Data. Data were from several pig populations pre-

viously genotyped using the Illumina 60K SNP chip.  The 
populations included were: 

 
Population 1: Large White x Landrace commercial cross 

(n=815) (Onteru et al. (2012)) 
Population 2: Two lines of Yorkshire pigs (n= 730) selected 

divergently for residual feed intake (RFI): (Cai et al. 
(2008); Onteru et al. (2013)). Traits included RFI, aver-
age daily feed intake (ADFI), backfat (BF) and average 
daily gain (ADG). 

Population 3: Two lines of Duroc divergently selected for 
intramuscular fat (IMF) (n=205). Traits included BF and 
IMF (Schwab et al. (2009)). 

 
Statistical analyses.  Different methods and anal-

ysis packages were applied to the data for demonstration of 
novel tools.  For the RFI data, genome wide association 
studies and estimates of genomic regions underlying cryptic 
correlations (i.e. pleiotropic effects that oppose the overall 
genetic correlation) and  genomic breeding values were 
estimated using GENSEL (Fernando and Garrick (2008)).  
For each one megabase window along the genome, genetic 
correlations and covariances were computed between win-
dow genomic breeding values (wGBVs) for each pair of 
traits (RFI, ADFI, ADG, BF) and evaluated relative to the 
overall genetic correlation and covariance between traits. 



STRUCTURE was used to infer population admixture. A 
discriminant principal component analysis (DPCA) was 
performed with genotypes using the adegenet R package 
(Jombart and Ahmed (2011)) in R. Identical by state (IBS), 
inbreeding coefficients (F) and runs of homozygosity 
(ROH) (McQuillan et al (2008)) were computed using 
PLINK.  The rehh R package (Gautier and Vitalis (2012)) 
was used to compute the integrated haplotype score (iHS) 
(Voight et al. (2006)) to detect signatures of selection. For 
regions of missing homozygosity Sus scrofa genome build 
10.2 was used for the sequence map of SNP position. Hap-
lotype phase was obtained using FASTPHASE, and PERL 
script was used to analyze haplotype homozygosity. Ge-
nomic homozygosity was assessed with 10 or 30 SNP-
haplotype windows and haplotypes occurring at frequency 
>.20 were evaluated. 
 

Results and Discussion 
 

Estimation of genomic trait effects and cryptic 
correlations.  Selection for multiple traits requires under-
standing of the genetic correlations between traits and their 
economic ramifications.  It is possible to identify genes or 
genomic regions underlying cryptic correlations (see 
above). We used our SNP genotypes to do so for RFI, AD-
FI, ADG, and BF from lines of pigs selected divergently for 
RFI (Cai et al. (2009)).  Results showed most genetic covar-
iances were greater than zero for all trait combinations, 
indicating positive genetic correlations (Table 1). However, 
for most trait combinations (except between ADFI and 
ADG), a small number of genomic regions exhibited nega-
tive covariance (Table 2).  One megabase windows contain-
ing TMEM30B, PRKCH, NOL8, C9ORF89, and SMCHD1 
showed negative covariances between ADFI and RFI. Of 
these, TMEM30B, PRKCH, have been implicated in diges-
tive disorders and concievably negatively impact nutrient 
absorption despite high feed intake; NOL8,, and SMCHD1 
have been associated with muscular dystrophy and 
C9ORF89, has been associated with immune response.  
Many immune genes were located in three different ge-
nomic windows characterized by negative covariances for 
ADG and RFI.  Use of nutrients has been shown to be al-
tered during increases in immune response and directly 
affects animals’ growth rates.  Additionally GLUL and 
SLC25A4, which code for genes associated with energy 
metabolism and EREG, BTC, and CYP26B1 which code for 
growth factors and skeletal development fell within regions 
with negative covariances between ADG and RFI. Gluta-
thione synthesis and immune response were key functions 
of significant genes for RFI versus backfat. ADFI showed 
negative covariances with BF in several genomic windows 
also containing immune genes, as well as the MYOG gene. 
Finally, the centromere and actin skeleton genes, FRY, 
PDS5B, KLHL1, CENPW, and NCKAP1 all fell within re-
gions of negative covariance between ADG and BF. Sever-
al other genes that might cause cryptic pleiotropic effects 
had varied functions that could also be related to the traits 
under study (Gorbach et al. (2014)). 

 
 
 

Table 1. Estimates of genetic correlations between traits 
(Gorbach et al., 2014) 

Traitsa Genetic 
correlation 
estimatesb 

Correlation 
of whole-
genome 
GEBVs 

Mean cor-
relation of 
1Mb win-

dow 
wGEBVs 

RFI vs. ADFI 0.49 0.83 0.34 
RFI vs. ADG 0.12 0.52 0.30 
RFI vs. BF -0.11 0.59 0.24 
ADFI vs. 
ADG 

0.83 0.78 0.37 

ADFI vs. BF 0.60 0.71 0.27 
ADG vs. BF 0.44 0.50 0.28 

aRFI: residual feed intake, ADFI: average daily feed intake, ADG: average 
daily gain, BF: backfat, GEBVs: genomic estimated breeding values, 
wGEBVs: SNP window genomic estimated breeding values, Mb: mega-
base 
b Based on estimates from the first 8 generations of these selection lines. 

 
Table 2. Frequency table of posterior means of covari-
ances of 1 megabase window wGBVs between traits on a 
log scale  (Gorbach et al., 2014) 
Minimum Maximum RFI 

vs. 
ADG 
Count 

RFI 
vs. 
BF 
Count 

ADFI 
vs. 
ADG 
Count 

ADG 
vs. 
BF 
Count 

1x10-4 1x10-3 0 2 0 2 
1x10-5 1x10-4 0 891 4 362 
1x10-6 1x10-5 11 1,454 222 1,960 
1x10-7 1x10-6 2,021 50 2,073 102 
1x10-8 1x10-7 381 5 140 8 
0 1x10-8 19 3 12 4 
-1x10-8 0 5 0 0 0 
-1x10-7 -1x10-8 11 1 0 1 
-1x10-6 -1x10-7 3 11 0 6 
-1x10-5 -1x10-6 0 28 0 6 
-1x10-4 -1x10-5 0 6 0 0 
aRFI: residual feed intake, ADFI: average daily feed intake, ADG: average 
daily gain, BF: backfat, GEBVs: genomic estimated breeding values, 
wGBVs: 1 megabase window genomic breeding values 
 

Identification of missing homozygotes.  Individ-
uals may carry deleterious recessive alleles which has been 
termed the “genetic load” and these may result in a decrease 
in fitness of the average individual in a population (Crow 
1958). Strong artificial selection and high level of related-
ness increases the level of autozygosity of all genes includ-
ing deleterious recessive mutations in livestock.  Most re-
cently when deleterious phenotypes are observed, especial-
ly those that appear recessive in nature, researchers have 
used SNP genotypes and genome wide association studies 
to search for the alleles causing the disorders. However, 
another approach to consider, especially when lethal pheno-
types may not be obvious, is to search for regions lacking 
homozygosity. This approach has been employed in cattle 
(Sonstegard et al. (2013)) to identify haplotypes associated 
with embryonic loss and fertility. In our populations 1 and 2 
here whole genomic homozygosity was examined to identi-
fy genomic regions associated with missing haplotype ho-
mozygosity. Genomic homozygosity was assessed with 10 
or 30 SNP-haplotype windows and haplotypes occurring at 



frequency >0.20 were evaluated.  For the smaller SNP win-
dows several regions were found on chromosomes SSC 2, 
3, 5, 7, 9, 13, 14 and 17.  However, for larger haplotypes 
regions on SSC7 and SSC14 appeared to be those most 
likely to lack homozygosity (Figure 1, A and B) and there 
was also consensus between the two populations. Two 
genes found underlying the chromosome 7 region may be 
of interest for future sequencing and study. One of these 
genes is Purine nucleoside phosphorylase (PNP) in which 
mutations may cause a deficiency, called PNP-deficiency, 
which is a rare autosomal recessive metabolic disorder re-
sulting in severe combined immunodeficiency in some spe-
cies. The other is chromodomain helicase DNA binding 
protein 8 (CHD8). This gene encodes a DNA helicase that 
functions as a transcription repressor by remodeling chro-

matin structure. It binds beta-catenin and negatively regu-
lates the WNT signaling pathway, which plays a pivotal 
role in vertebrate early development and morphogenesis. 
Mice lacking this gene exhibit early embryonic death. Past 
reports have suggested that this region may be associated 
with litersize differences and this may be a reflection of 
these hidden possibly deleterious alleles. While cases of 
missing homozygosity caused by genotyping errors or SNP 
chip anomalies cannot be ruled out, further investigation 
may help to explain underlying deleterious recessives and 
the biological role they play. Larger SNP data sets may also 
be more useful for prediction of such regions lacking ho-
mozygosity. 

 

 
Figure 2. Signatures of selection (iHS) in population 1 
(A); Signatures of selection in population 2: low RFI line 
(B), population 2: high RFI line (C), and FST between 
the high and low RFI lines (D) in population2. iHS plot 
displays score for an each SNP locus and mean FST val-
ue was summarized using 30 SNP frame across the ge-
nome. 

 
Selection signatures, runs of homozygosity and 

population structure. Techniques to analyze genomic dif-
ferences in populations resulting from natural selection or 
from artificial selection have become more popular and 
offer different “views” than traditional GWAS. Several 
techniques exist and can point to regions of the genome 
worthy of further study. Examination of selection signatures 
(iHS) in population 1 in Figure 2 panel A reveals a number 
of regions under selection and many of them differ from 
those seen in panels B and C from the RFI line. Population 
1 is a commercial population developed for increased re-
production. One of the interesting regions on SSC1 encom-
passes ESR1, previously shown to be associated with larger 
littersize. Comparison of signatures of selection in panels B 
and C reveal differences caused by selection for RFI. Inter-
estingly, these signatures agree only partially with RFI 
analyses of Onteru et al (2013). This may occur because the 

 
Figure 1.  Observed and expected haplotype homo-
zygosity on SSC7 (A) and SSC14 (B) in population 2 
pigs. Y axis represents the haplotype homozygosity 
and x axis shows the position of SNP. Homozygosity 
represents sum of the homozygosity with frequency > 
0.1 (expected homozygosity > 0.01). Each dot indi-
cates a haplotype (30 SNP window). Red dot presents 
expected homozygosity and blue line shows observed 
homozygosity. 
	  



analysis of iHS detects selection signatures regardless of the 
timing of selecton. Differences between the lines can be 
further clarified in the FST analyses in panel D. FST may be 
useful to account for selection status of a SNP that is asso-
ciated with a trait in divergent pig lines. Examination of 
underlying genes may reveal genes and networks not found 
in previous GWAS analyses.  

 
Data from population 3 included about 100 sam-

ples each from 2 lines of pigs from a selection experiment 
for ultrasonically measured IMF (Kim et al. (2014)). Dif-
ferences between the two lines were nearly 2% in estimated 
IMF. Two analyses were performed. The first was a DPCA 
(Jombart and Ahmed (2011))  shown in Figure 3 and which 
shows large differences after 5 generations of selection. 
Further analyses employed estimating runs of homozygosi-
ty (ROH) and demonstrated considerable differences be-
tween some regions of the genome. SSC1 is pictured in 
Figure 4. Genes underlying the 2 regions on this chromo-
some include for the first peak near 179Mb MC4R, 
RNF152, PMAIP1, MIR122, and CLIP. MC4R has been 
shown previously to be associated with increased IMF. The 
second peak appears to include BMP4, CNIH, CDKN3, 
SOSC4, FBXO34, KTN1, C1H14orf37, ARID4A, and RTN1. 
Further analyses to understand the roles these genes may 
play are underway. 

 

 
Figure 3. Discriminant analysis of principal components 
in IMF selection lines based on SNPs. Density function 
displaying diversity between control (blue) and selected 
group (red) is plotted 

 
 
This type of approach has recently being used to 

search for signatures of selection associated with resistance 
to African Swine Fever virus (ASFv). Pigs that were PCR 
positive for ASFv have a genetic signature that is distinc-
tive from other indigenous pigs (Mujibi et al. (2014)). Giv-
en evidence of genetic introgression of wild (Bush) pigs 
into the domestic pig population, it is possible that the ge-
netic determinants for tolerance to pathogenic effects of 
ASFv are transmissible and identifiable. However, further 
work is required to determine if these signatures are real. 

 

Figure 4. Runs of homozygosity (ROH) for SSC1 for 
select and control line animals from IMF selection ex-
periment (Schwab et al. (2009)) 

 
Next generation sequencing (NGS). The types of 

studies described above can be taken further using NGS, 
especially as the cost continues to fall. The high-quality 
draft pig genome sequence was published in 2012 and pro-
vided, as the title of the paper indicated, insights into por-
cine demography and evolution (Groenen et al. (2012)). 
Analysis of the ratio of nonsynonymous to synonymous 
substitutions (dN/dS ratio) indicates rapidly evolving genes 
and these were analyzed using DAVID (Huang, Sherman 
and Lempicki (2009)) to identify the biological processes 
involved. This identified expansion of groups of porcine 
specific immune genes (such as type I interferon genes), as 
well as the olfactory receptor gene family. The authors 
point out that the latter probably reflects the importance of 
smell in scavenging for food by pigs in their natural envi-
ronment. Although we do not have a 1,000 boar project (or 
whatever is the magic number) in pigs, large numbers of 
individuals have now been sequenced. For example, 29 
individuals from 5 European breeds, 7 animals from 3 Chi-
nese breeds and 11 wild boars (from Europe and Asia) were 
sequenced with 8x coverage (Bosse et al. (2012)). These 
authors analyzed genomic regions of homozygosity (see 
also above) with the size and number of these regions 
agreeing with the history of the populations and also corre-
lation with recombination rate (which is heterogeneously 
distributed in pig) and GC content.  Bosse et al (2012) have 
indicated the importance of these factors in understanding 
the impact of inbreeding. 

 
A comparison between the Tibetan pig and other 

Sus scrofa included a comparison of 49 individuals from 
Tibetan pigs and domestic pigs and wild boars in China 
with >5x coverage (Li et al. (2013)) and >100x coverage 
for the initial Tibetan wild boar. Interesting results included 
the finding of expansion of the ferritin gene family in Ti-
betan pigs. Ferritin is an important protein in hypoxia and 
may be related to the adaptation of these pigs to altitude. A 
total of 215 and 182 positively selected genes were identi-
fied in the Tibetan pig and Duroc, respectively by analyzing 
the dN/dS ratio.  

 
Another NGS driven approach is RNA-seq as a 

way of looking at transcriptomic differences between 



groups of animals to gain insight into the genes explaining 
these differences. The first results from analysis of the 
whole blood transcriptome of pigs before and after chal-
lenge with Salmonella indicate that this may be a powerful 
way of identifying genes and gene networks involved in 
quantitative trait variation (Plastow et al (2014)). By using 
Weighted Gene Co-expression Network Analysis it was 
possible to identify novel candidate regulators of Salmonel-
la shedding in pigs with implications for future use as bi-
omarkers for selection of animals with reduced susceptibil-
ity to, or carriage of, Salmonella or for predicting response 
to infection. Significantly higher network connectivity and 
comparatively higher expression of genes within Salmonel-
la shedding associated modules, in low shedders compared 
to persistent shedders before infection, may be factors con-
tributing to the superior immune responses observed in low 
shedders upon infection. This approach significantly in-
creased the power of such studies compared to more tradi-
tional expression analysis looking at differential expression 
of individual genes. 

 
A combination of NGS approaches may be needed 

to identify the causative mutations underlying QTL for 
novel traits such as those relating to disease susceptibility 
or reproductive longevity and robustness. For example, the 
QTL associated with variation in viral load and growth after 
PRRSV challenge was found to be a large region of LD of 
more than 1Mb (Boddicker et al. (2012)) containing many 
potential candidate genes. Initial sequencing of members of 
the GBP family in this region suggested an Asian origin for 
the region explaining reduced susceptibility (Zao, Roth-
schild, Plastow unpublished results). This was supported by 
results from Chinese breeds which claimed to be less sus-
ceptible (Ma et al. (2008)) and from sequence of these 
genes in several Chinese and western breeds (Li and Plas-
tow unpublished results). The presence of such a large re-
gion of LD suggests that this may relate to “co-ordinated” 
hitchhiking of a number of functions encoded by this re-
gion, especially as it is unlikely that there has been direct 
selection for an effect on disease susceptibility. However, 
first results from RNA-seq analysis suggest a splice variant 
in one of these genes may explain the variation observed 
(Fritz-Waters et al. (2014); Choi et al. (2014)). Even so, 
several of the genes in this region were shown to be ex-
pressed significantly more in the less susceptible animals. It 
remains to be seen if the effect is due to one or several pol-
ymorphisms in this region. 

 
The ability to impute from low density panels to 

medium and high density panels shows remarkable poten-
tial for genetic improvement (Cleveland and Hickey 
(2013)). As more genomes are sequenced then perhaps it 
will be possible to impute from marker panels, such as the 
60k chip to full genome sequence. Another aspect that is 
intriguing is the potential to create new combinations of 
mutations using genome editing (Tan et al. (2012)). For 
example, this may enable the development of pigs with 
multiple disease resistance. It remains to be seen whether 
all of this information will mean the black box is finally 
opened forever, and what it will mean for our ability to de-
sign the perfect pig for each environment and market. 

Conclusions 
 

Genomic data now offers insights into a number of 
biological differences among animals and populations.  
Better methods of analyses and increased understanding of 
the underlying genes and biological networks they are a 
part of will help to further elucidate the role they play in 
traits of economic importance in pig breeding and commer-
cial production. The extent of the “role of genome sequence 
in future breeding programs” is still not clear, however, it 
promises to be a very exciting future and will bring us clos-
er to finally breaking open the black box and changing ge-
netic improvement again. 
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