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The whole-genome sequencing (WGS) data can potentially discover all genetic variants.
Studies have shown the power of WGS for genome-wide association study (GWAS)
lies in the ability to identify quantitative trait loci and nucleotides (QTNs). However, the
resequencing of thousands of target individuals is expensive. Genotype imputation
is a powerful approach for WGS and to identify causal mutations. This study aimed
to evaluate the imputation accuracy from genotyping-by-sequencing (GBS) to WGS
in two pig breeds using a resequencing reference population and to detect single-
nucleotide polymorphisms (SNPs) and candidate genes for farrowing interval (Fl) of
different parities using the data before and after imputation for GWAS. Six hundred
target pigs, 300 Landrace and 300 Large White pigs, were genotyped by GBS, and
60 reference pigs, 20 Landrace and 40 Large White pigs, were sequenced by whole-
genome resequencing. Imputation for pigs was conducted using Beagle software.
The average imputation accuracy (allelic R?) from GBS to WGS was 0.42 for Landrace
pigs and 0.45 for Large White pigs. For Landrace pigs (Large White pigs), 4,514,934
(5,533,290) SNPs had an accuracy >0.3, resulting an average accuracy of 0.73
(0.72), and 2,093,778 (2,468,645) SNPs had an accuracy >0.8, resulting an average
accuracy of 0.94 (0.93). Association studies with data before and after imputation
were performed for FI of different parities in two populations. Before imputation, 18
and 128 significant SNPs were detected for Fl in Landrace and Large White pigs,
respectively. After imputation, 125 and 27 significant SNPs were identified for dataset
with an accuracy >0.3 and 0.8 in Large White pigs, and 113 and 18 SNPs were found
among imputed sequence variants. Among these significant SNPs, six top SNPs were
detected in both GBS data and imputed WGS data, namely, SSC2: 136127645, SSC5:
103426443, SSC6: 27811226, SSC10: 3609429, SSC14: 15199253, and SSC15:
150297519. Overall, many candidate genes could be involved in Fl of different parities in
pigs. Although imputation from GBS to WGS data resulted in a low imputation accuracy,

Frontiers in Genetics | www.frontiersin.org

1 October 2019 | Volume 10 | Article 1012


https://creativecommons.org/licenses/by/4.0/
mailto:tyq003@163.com
https://doi.org/10.3389/fgene.2019.01012
https://www.frontiersin.org/article/10.3389/fgene.2019.01012/full
https://www.frontiersin.org/article/10.3389/fgene.2019.01012/full
https://www.frontiersin.org/article/10.3389/fgene.2019.01012/full
https://www.frontiersin.org/article/10.3389/fgene.2019.01012/full
https://loop.frontiersin.org/people/728278
https://loop.frontiersin.org/people/496887
https://loop.frontiersin.org/people/720841
https://www.frontiersin.org/journals/genetics/
https://www.frontiersin.org/journals/genetics
http://www.frontiersin.org
https://www.frontiersin.org/journals/genetics#articles
https://www.frontiersin.org/journals/genetics#editorial-board
https://doi.org/10.3389/fgene.2019.01012
https://www.frontiersin.org/journals/genetics#editorial-board
http://crossmark.crossref.org/dialog/?doi=10.3389/fgene.2019.01012&domain=pdf&date_stamp=2019-10-18

Wu et al.

GWAS on Whole-Genome Resequencing

association analyses with imputed WGS data were optimized to detect QTNs for
complextrait. The obtained results provide new insight into genotype imputation, genetic
architecture, and candidate genes for FI of different parities in Landrace and Large

White pigs.

Keywords: imputation, genome-wide association study, genotyping-by-sequencing, resequencing, farrowing

interval, pigs

INTRODUCTION

Reproductive traits play an important role in pig industry and
directly affect the sow reproductive performance. In recent years,
the researchers extensively studied reproductive traits (such
as litter size, birth weight, and number of teats) and identified
many quantitative trait loci (QTLs) and candidate genes in pigs.
However, a few studies focused on farrowing interval (FI). FI was
defined as the number of days between two consecutive litters in
sow’s productive life. This trait is one of the major determinants of
the efficiency of sow reproduction. The heritability ranged from
0.04 to 0.16 for FI in pigs (Serenius et al., 2003; Cavalcante Neto
et al., 2009). The previous literatures have shown that these traits
in different parities should be considered as different traits for
farrowing traits (Roehe and Kennedy, 1995; Noguera et al., 2002;
Onteru et al., 2011). Thus, FIs of different parities need to be used
as different traits in analyses. In summary, a total of 28,720 QTLs
were reported for 677 complex traits in pigs (PigQTL, https://www.
animalgenome.org/cgi-bin/QTLdb/SS/index, March 1, 2019).
Among them, 2,129 QTLs were associated with reproductive
traits. However, there are no QTLs and genes found for FI in pigs.

Genome-wide association studies (GWASs) are an effective
method for identifying the genetic variations involved in complex
traits. In pigs, GWAS has been widely conducted to uncover the
genetic architecture behind economically important traits, such as
reproduction- (Wang et al., 2018), growth-, and meat-related traits
(Jiang et al., 2018). Using this approach, a range of quantitative
trait nucleotides, quantitative trait genes, and QTLs involved in
important traits in pigs were identified (Jun et al., 2011; Ma et al.,
2014; Derks et al., 2017; Zhang et al., 2018). However, because of
the limited number of single-nucleotide polymorphisms (SNPs),
the power of GWAS is very limited, and several causal loci were
missed in previous studies. This led to an inability to identify
the causal loci of complex traits. Whole-genome sequence
(WGS) data containing the majority of SNPs were optimized to
enhance the accuracy and power of GWAS and the detection of
QTLs associated with complex traits. To obtain credible GWAS
results, a large number of genotyped individuals were required
in association analyses. Although the cost of resequencing is
rapidly decreasing, it is still expensive to resequence thousands
of individuals. An efficient imputation strategy for WGS data
was thus recommended to detect causal loci. Using this method,
low-density SNPs were imputed to high-density or WGS data at
low cost. A small number of resequenced individuals (called as
“reference population”) and a large number of individuals with
low-density SNPs (called as “target population”) were used for
genotype imputation. Based on the reference and target genotype

data, genotype imputation used linkage disequilibrium (LD) of
haplotypes in reference sequence data to predict the SNPs missing
from target sequence data. Then, low-density SNPs were imputed
to WGS data using the reference data.

Recently, genotype imputation has been successfully
implemented and obtained reliable results in humans (Howie
et al., 2012) and livestock (Sanchez et al., 2017; Ye et al., 2018;
Berg et al, 2019). In cattle, 12 QTLs for mammary gland
morphology (Pausch et al., 2016) and 34 QTLs for milk protein
composition (Sanchez et al., 2017) were found using imputed
data. Based on the imputed WGS data, Berg et al. (2019) reported
that the detected QTLs increased with increasing SNP density
and identified a clear peak on SSC7 for teats number in Large
White and Dutch Landrace pigs. To detect the missing QTLs, the
imputed WGS data were used to perform association analyses,
and an important QTL was detected on SSC1 for lumbar number
in Sutai pigs (Yan et al., 2017).

In general, the imputed data contributed benefit for association
studies. However, only few literatures reported the factors that
affected genotype imputation in livestock. According to the reported
literatures, the imputation accuracy was affected by sequencing
depth, size of reference population, the relationship between
reference and target population (Ye et al., 2018), and marker density
of target population (Ventura et al., 2016). Because the imputation
would result in a poor imputation accuracy using multiple reference
populations (Berg et al., 2019), a single-breed reference population
may be optimal for imputation. To date, few studies analyzed the
imputation accuracy from real genotype to imputed WGS data and
performed GWAS using imputed WGS data in livestock.

To the best of our knowledge, no studies have reported on the
imputation of genotyping-by-sequencing (GBS) data to WGS using
whole-genome resequencing data of individuals as a reference
population. In this study, the target populations were genotyped
by GBS technology, and the reference populations were sequenced
using whole-genome resequencing. Then, association analyses
were performed for both the unimputed and imputed data. In this
context, the objectives of this study were (1) to impute the GBS
data to WGS data and analyze the accuracy of imputation to WGS
and (2) to perform GWAS to reveal the genetic architecture behind
FI of different parities in Large White and Landrace pigs.

METHODS

Animals and Phenotype Records
A total of 660 pigs, 320 Landrace and 340 Large White pigs,
from the national core pig breeding farm of Sichuan Tianzow
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Breeding Technology Co., Ltd. (http://www.tianzow.com/
areashow.php?id=790, Nanchong, China), were used in this
study. The ear tissues for 660 pigs were collected and stored in
75% alcohol, which was approved by the Institutional Animal
Care and Use Committee of the Sichuan Agricultural University
(DKY-B20140302).

All pigs with common genetic background were introduced
from Canadian Hylife Company at 2008. The farrowing records
were collected from parity 1 to 4 during the period of 2012-2015.
The FI values were defined as the number of days between two
adjacent litters. Due to the different genetic architecture of each
parity, FIs of different parities were considered as different traits.
The following reproductive traits were defined and recorded
for each pig: (1) FI from parity 1 to 2 (FI_L12), (2) parity 2 to
3 (FI_L23), and (3) parity 3 to 4 (FI_L34) in Landrace pigs; and
(4) FI from parity 1 to 2 (FI_Y12), (5) parity 2 to 3 (FI_Y23), and
(6) parity 3 to 4 (FI_Y34) in Large White pigs. Totals of 1,980 FI
records were collected. The normal transformation of phenotypic
data was conducted by R software (Aulchenko et al., 2007).

DNA Extraction

The genomic DNA was extracted from ear tissues using
the OMEGA Tissue DNA Kit (Omega Bio-Tek) as per
the manufacturer's instructions. The Nanodrop-2000
spectrophotometer was used to measure the quality and
quantity of the genomic DNA samples. The genomic DNA
samples with the ratio of light absorption (A260/280) between
1.8 and 2.0, concentration 250 ng/uL, and total volume <50 pL
were used for sequencing.

Reference Sequence Data

A total of 60 pigs, 20 Landrace and 40 Large White pigs, were
selected for resequencing by random selection. The resequencing
was performed by Illumina HiSeq PE150 platform, with average
sequencing depth of 20-fold. The initial quality of resequencing
data was performed by FastQC (http://www.bioinformatics.
bbsrc.ac.uk/projects/fastqc/); 3.0-T clean data were contained.
The clean reads were mapped to Sscrofall.l reference sequence
by the BWA (version 0.7.15) software (Li and Durbin, 2009).
After that, GATK (version 3.5) software (Depristo et al., 2011)
was used to realign the mapped reads and called SNPs. A total
of 21,104,245 SNPs were called by GATK. A quality control
procedure was adopted by removing SNPs with minor allele
frequency (MAF) <0.05, missing rate (Miss) >0.1, Hardy-
Weinberg equilibrium (HWE) >1.0x 10, read depth (dp) <6,
and SNPs with no position information and located on sex
chromosomes. Quality control was conducted using VCFtools
(version 4.2) (Danecek et al., 2011). After quality control, a total
of 10,501,384 SNPs remained. The WGS data were used as the
reference sequence for further study.

Target Sequence Data

The remained 600 pigs, 300 Landrace and 300 Large White pigs,
were selected as the target population. A total of 600 samples
were genotyped using GBS with Illumina HiSeq PE150 platform.

Quality control with MAF >0.01, Miss <0.2, HWE <1.0x 10,
and dp > 3 was performed by VCFtools (version 4.2) (Danecek
et al., 2011). Then, the SNPs with no position information and
located on sex chromosomes were excluded from this dataset.
After quality control, a total of 325,557 SNPs were retained for
the target population.

Genotype Imputation

The imputation from GBS SNP genotypes to WGSs for Large
White pigs and Landrace pigs was performed by Beagle (version
3.3.2) (Browning and Browning, 2007) with default parameter
settings. The genotype imputation was separately conducted
for each breed. For Landrace pigs, the GBS data for 300 target
Landrace pigs were imputed to WGS data, using the WGS
reference data of 20 Landrace pigs. For Large White pigs, using
the WGS reference data of 40 Large White pigs, the GBS data
of 300 target Large White pigs were imputed to WGS data.
The imputation accuracy at each SNP was assessed using the
estimated squared correlation between the allele dosage and
true allele dosage for the marker (allelic R?). After imputation,
two filter criteria were conducted: (1) removing SNPs with an
imputation accuracy < 0.3 and MAF < 0.01 and (2) removing
SNPs with an imputation accuracy < 0.8 and MAF < 0.01.

Genome-Wide Association Study

Single marker regression analyses were performed
independently on GBS data and imputed genotype data using
GEMMA (Depristo et al, 2011) software. The following
univariate mixed liner model was used to test the association
between SNPs and FI:

y=Xa+ZB+Wa+e

where y is the vector of phenotypic values; a is the vector
of fixed effects, including farrowing year, farrowing month,
parity; B is the marker effects; a is the vector of the remaining
polygene effect; e is the vector of residual effects; X, Z, and
W are incidence matrices for a, B, and a, respectively. The
Bonferroni correction method was used to determine the
threshold values in this study. The genome-wide significance
level (0.05/N) and suggestive level (1/N) were used in this study,
where N is the number of analyzed SNPs (Supplementary
Table 1).

The Manhattan and QQ plots were drawn by R package
“‘qqman” (Turner, 2014). The genomic inflation factor (A =
the observed P value/the expected P values) was calculated to
evaluate the extent of false positive signals using the GenABEL
package in R (Aulchenko et al., 2007).

Candidate Genes Searching

In order to highlight candidate genes at genome-wide
significant loci, candidate genes were searched within a 20-Kb
region centering each top SNP on pig genes Sscrofall.l
(http://asia.ensembl.org/biomart/martview/). ~ The  gene
function was carried out by NCBI database (https://www.
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ncbi.nlm.nih.gov/) based on the description of gene function
and reported literatures. Furthermore, this study performed
the gene ontology (GO) analyses by DAVID Bioinformatics
Resources (Dennis et al., 2003). The Fisher exact test was used
to detect the significant GO terms, and the genes involved in
significant GO terms (P < 0.05) were used for further analyses
(Dennis et al., 2003; Rivals et al., 2007).

RESULTS
Genotype Data

The overview of numbers of SNPs for each breed is shown in
Table 1. After quality control, a total of 10,501,384 and 325,557
SNPs remained from 18 autosomes for reference and target
population, respectively. After imputation, this study obtained
12,835,977 and 13,144,579 SNPs from 18 autosomes for 300
Landrace and 300 Large White pigs, respectively. After removing
SNPs with allelic R? < 0.3, a total of 4,514,934 SNPs for Landrace
pigs and 5,533,290 SNPs for Large White pigs were retained.

After filtering SNPs with allelic R? <0.8, 2,093,778 and 2,468,645
were retained for Landrace and Large White pigs, respectively.

Imputation Accuracy

The genotype imputation was conducted by Beagle software, and
imputation accuracy at each SNP was assessed using allelic R.
The plots of imputation accuracy are shown in Figure 1 for each
chromosome before and after filtering data. After imputation,
the GBS data were imputed to WGS data with a poor imputation
accuracy. The average accuracy of whole genome was 0.42 for
Landrace pigs and 0.45 for Large White pigs. The lowest accuracy
and highest accuracy were 0.37 (for SSC17) and 0.46 (for SSC4)
in Landrace pigs. For Large White pigs, the lowest accuracy and
highest accuracy were 0.40 (for SSC10) and 0.51 (for SSC4).
After quality control, these retained SNPs had accuracy lower
than 0.3, resulting in an average accuracy of 0.73 and 0.72 for
Landrace and Large White pigs. After removing the SNPs with
the accuracy lower than 0.8, the average accuracies were 0.94 and
0.93 for Landrace and Large White pigs.

TABLE 1 | Number of SNPs before and after imputation with different filterings from GBS to WGS data.

Breed Chromosome Before imputation After imputation
Before filtering  After filtering (R? >0.3) After filtering (R2 >0.8)

Landrace pig 1 33,648 1,163,674 411,803 200,693

2 23,549 1,056,375 348,556 151,185

3 19,115 741,850 283,255 132,967

4 19,438 677,120 270,867 131,240

5 15,492 613,081 184,337 84,815

6 19,724 821,252 285,405 129,414

7 19,812 724,764 268,144 123,498

8 20,814 784,755 287,282 128,842

9 20,455 856,362 298,509 128,612

10 15,627 633,875 226,590 103,204

11 13,703 491,636 180,753 84,277

12 9,776 443,666 133,030 56,870

13 24,232 924,908 332,499 155,654

14 19,558 859,867 307,671 157,568

15 17,278 672170 211,950 97,611

16 13,863 551,359 215,034 105v006

17 10,879 486,742 138,882 58,702

18 8,594 332,521 130,367 63,620

Large White pig 1 33,648 1,258,467 575,618 274,460

2 23,549 1,001,874 362,988 151,533

3 19,115 755,528 304,432 131,781

4 19,438 693,446 341,445 166,814

5 15,492 627,469 260,109 115,518

6 19,724 884,061 337,922 139,947

7 19,812 785,970 304,112 130,640

8 20,814 803,550 352,306 154,089

9 20,455 782,655 351,867 162,192

10 15,627 669,065 242,483 93,945

11 13,703 579,287 242,877 102,102

12 9,776 465,664 166,687 67,556

13 24,232 1,007,593 461,286 226,507

14 19,558 836,804 385,503 185,524

15 17,278 658,978 289,207 132,518

16 13,863 540,903 225,310 90,049

17 10,879 467,065 182,444 75,628

18 8,594 326,200 146,694 67,842
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Factors That Affect Imputation Accuracy
To investigate factors that affect imputation accuracy, the distance
and MAF difference between an imputed SNP and its closest SNP
on the GBS data and MAF of imputed SNPs were analyzed. Figures
2A, B showed the average imputation accuracy versus MAF of
imputed SNPs for the two populations. The average imputation
accuracy was poor for SNPs with MAF smaller than 0.1 in two
breeds. The average imputation accuracy was comparatively stable
at MAF 0.10 to 0.45, but there was a temporary reduction when the
MAF approached 0.5. After quality control, the average imputation
accuracy with different MAFs was stable and both close to 0.72
(0.93 for accuracy > 0.8) in two breeds (Supplementary Figure 1).
The large distance and MAF difference between imputed SNPs
and their nearest SNPs on GBS data would result in a low
imputation accuracy. The average imputation accuracy decreased
with increasing distance and MAF difference, as illustrated by
chromosome 1 for two breeds (Figures 2C-F).

Whole-Genome Resequencing
Association Analyses

This study performed GWAS on two target populations (Landrace
and Large White pigs) in three scenarios, using data before and after
imputation. In the first scenario, using the GBS data, GWAS was
conducted for each breed. In the second scenario, using imputed
WGS data (imputation accuracy > 0.3), GWAS was conducted for
each breed. In the third scenario, imputed WGS data with accuracy
higher than 0.8 were used in association analyses for each breed.
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GWAS for Data Before Imputation

Using the original GBS data, this study conducted single-
marker association studies for FI in each parity and each
population. For Landrace pigs, the Manhattan plots are shown
in Figure 3A. The Q-Q plots are shown in Supplementary
Figure 2A, and the genomic inflation factors were between 0.99
and 1.05 (Supplementary Table 5). A total of 18 genome-wide
significant SNPs were associated with FI, including nine SNPs
for FI_L12, one for FI_L23, and eight for FI_L34 (Table 2).
These significant SNPs were distributed on SSC1, SSC5, SSC11,
SSC12, and SSC14. The most significant loci (the top SNP SSC12:
24,879,958bp, P = 2.04 x 10'") were located in the region of
SSC12: 24.86 to 24.90 Mb, and four candidate genes were found
in this region. Moreover, totals of 19, 17, and 27 suggestive SNPs
were identified for FI_L12, FI_L123, and FI_L34 in Landrace pigs
(Supplementary Table 2), respectively. At the suggestive level,
three chromosome regions with five consecutive SNPs were
found in this study. The first region with the top SNP SSC14:
97,176,453 bp (P = 2.35 x 107°) was located in SSC14: 97.16 to
97.20Mb for FI_L12. The second region was located in SSC5:
33.86 to 33.90 Mb for FI_L23; the top SNP at this location was
SSC5: 33,882,769 bp (P = 2.09 x 10-°). The third region with the
top SNP SSC5: 36,749,766bp (P = 2.83 x 10-°) was located in
SSC5: 36.73 to 36.77 Mb for FI_L23.

For Large White pigs, the Manhattan plot is shown in
Figure 4A. The Q-Q plots are shown in Supplementary Figure
3A, and the genomic inflation factors were between 1.08 and
1.17 (Supplementary Table 5). Totals of 111, 8, and 9 genome-
wide significant SNPs were associated with FI_Y12, FI_Y23,
and FI_Y34 (Table 2), respectively. The significant chromosome
regions on SSC7 (2.04-2.08, 2.20-2.24, and 133.40-133.44 Mb)
and SSC15 (5.22-5.26 Mb) showed three clear signals. Nine
consecutive SNPs were located in the region of SSC7: 2.04 to

2.08 Mb for FI_Y12, and the top SNP was SSC7: 2,061,622 bp
(P = 3.32 x 1071). In the region of SSC7: 2.20 to 2.24 Mb, the
significant locus with the top SNP SSC7: 2,221,168 bp (P = 9.60
x 107°) harbored 13 adjacent SNPs for FI_Y12. In addition, six
significant SNPs were located in the region of 5.22 to 5.26 Mb on
SSC15 for FI_Y12. For FI_Y34, five consecutive SNPs (the top
SNP SSC7: 133,416,643 bp, P = 9.88 x 10-%) were detected in the
region of 133.40 to 133.44 Mb on SSC7. At the suggestive level,
totals of 99, 22, and 45 suggestive SNPs were detected for FI_
Y12, FI_Y23, and FI_Y34 (Supplementary Table 2), respectively.
Seven adjacent SNPs were located in the region of SSC7: 2.04 to
2.08 Mb, and the top SNP SSC7: 2,061,575 bp (P =1.22 x 10-°) was
associated with FI_Y12. In the region of SSC7: 2.23 to 2.27 Mb,
five suggestive SNPs were found for FI_Y12. For FI_Y34, three
chromosome regions with many consecutive SNPs were found,
including the regions of SSC9: 38.19 to 38.23Mb, SSC9: 41.07
to 41.11 Mb, and SSC13: 39.27 to 39.31 Mb. In the first region
SSC9: 38.19 to 38.23Mb, five SNPs were strongly associated
with FI_Y34, and the top SNP was SSC9: 38,206,875bp (P =
5.06 x 1077). In the second region SSC9: 41.07 to 41.11 Mb, nine
consecutive SNPs were detected, and the P value of the top SNP
SSC9: 41,085,054 bp was 2.52 x 10°. The locus with the top SNP,
SSC13: 39,293,665 bp (P = 2.63 x 10°°), contained seven SNPs in
total and was found to be associated with FI_Y34.

GWAS for Data After Imputation

For imputed WGS with accuracy >0.3, in Landrace pigs, totals
of 4,404,137, 4,402,124, and 4,380,454 SNPs were analyzed for
FI_L12, FI_L23, and FI_L34, respectively. In Large White pigs,
the totals were 5,486,741, 5,486,265, and 5,474,718 SNPs for FI_
Y12, FI_Y23, and FI_Y34, respectively (Supplementary Table 1).
Based on the genome-wide-significance threshold (0.05/N) and
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TABLE 2 | The GWAS results at genome significant level for FI of different parities using GBS data in pigs.

Trait Chr Range of SNP (Mb) Number of Top SNP position n_miss Allele  Allele frequency Candidate gene P
SNP (bp)
FI_L12 1 91.98-92.02 1 92,003,527 22 AT 0.028 1.88E-08
FI_L12 1 94.76-94.80 1 94,779,648 22 AT 0.012 9.18E-08
FI_L12 1 193.57-193.61 1 193,593,040 22 AG 0.021 2.10E-07
FI_L12 5 60.57-60.61 1 60,589,650 23 T/G 0.045 ETV6 2.02E-07
FI_L12 11 22.40-22.44 1 22,424,991 19 G/A 0.042 1.45E-07
Fl_L12 12 24.86-24.90 1 24,879,958 13 G/T 0.027 HOXB7/HOXB8/HOXB9/  2.04E-11
MIR196A-1
FI_L12 14 4.88-4.92 1 4,904,707 10 C/A 0.011 2.73E-09
FI_L12 14 97.23-97.27 2 97,251,403 19 AG 0.026 6.52E-08
FI_L23 7 46.65-46.69 1 46,665,496 6 G/A 0.017 GSTA4/RF00100/ICK 2.24E-09
FI_L34 2 135.91-135.95 1 135,932,694 5 C/A 0.022 8.09E-10
FI_L34 5 55.26-55.30 1 55,275,110 7 T/A 0.013 6.38E-15
FI_L34 10 65.05-65.09 1 65,071,338 2 C/A 0.017 FBH1 3.87E-10
FI_L34 11 9.67-9.71 1 9,688,680 8 T/C 0.022 2.35E-08
FI_L34 ihl 45.04-45.08 1 45,058,333 5 G/T 0.03 BORA/DIS3/PIBF1 5.34E-08
FI_L34 14 59.76-59.80 1 59,780,380 9 C/T 0.022 1.83E-08
FI_L34 16 60.14-60.18 1 60,161,199 9 C/T 0.022 2.30E-08
FI_L34 17 63.80-63.84 1 63,824,477 6 C/T 0.017 3.25E-11
Fl_Y12 1 162.16-162.20 2 162,179,241 6 C/T 0.016 ALPK2 1.91E-08
FI_Y12 1 162.20-162.24 3 162,222,395 0 AG 0.016 ALPK2 2.22E-08
Fl_Y12 1 162.36-162.40 1 162,375,129 0 G/A 0.016 NEDD4L 2.22E-08
FI_Y12 1 162.39-162.43 2 162,406,916 18 G/A 0.015 RF00100 2.61E-08
FI_Y12 1 162.44-162.48 1 162,458,116 4 G/A 0.016 2.45E-08
FI_Y12 1 162.51-162.55 1 162,528,642 1 T/G 0.016 2.29E-08
FI_Y12 1 162.55-162.59 1 162,569,732 17 G/A 0.015 2.12E-08
Fl_Y12 1 162.90-162.94 1 162,919,642 1 T/C 0.016 ATP8BH 2.23E-08
FI_Y12 2 136.11-136.15 1 136,127,645 1 A/G 0.012 6.04E-11
FI_Y12 3 106.83-106.87 3 106,849,597 10 G/A 0.011 TTC27 1.89E-11
FI_Y12 3 107.26-107.30 4 107,281,336 0 G/A 0.011 BIRC6 2.13E-11
FI_Y12 3 109.38-109.42 3 109,400,403 2 T/C 0.012 2.00E-11
FI_Y12 4 111.53-111.57 1 111,553,999 12 C/T 0.013 1.09E-09
Fl_Y12 4 38.34-38.38 1 38,362,147 23 T/G 0.013 KCNS2 3.68E-08
FI_Y12 5 103.41-103.45 1 103,426,443 9 A/C 0.013 5.22E-16
FI_Y12 5 55.47-55.51 1 55,486,024 13 A/C 0.013 RF00026 1.11E-09
FI_Y12 6 27.78-27.82 4 (including 27,804,546 0 T/C 0.022 HSF4/B3GNT9/TRADD/ 2.56E-08
27,811,226) NOL3/KIAA0895L/
C160rf70
FI_Y12 7 2.04-2.08 9 2,061,622 0 AG 0.012 SLC22A23 3.32E-10
FI_Y12 7 2.14-2.18 3 2,161,296 3 T/A 0.016 6.46E-11
Fl_Y12 7 2.20-2.24 1 2,216,046 4 G/A 0.02 6.08E-08
FI_Y12 7 2.20-2.24 13 2,221,168 0 G/A 0.014 PXDCA 9.60E-09
Fl_Y12 7 2.27-2.31 4 2,289,143 18 G/C 0.024 FAM50B 1.55E-07
FI_Y12 7 2.54-2.58 1 2,657,543 3 T/C 0.014 9.93E-09
FI_Y12 7 2.72-2.76 1 2,737,334 2 AG 0.014 9.94E-09
FI_Y12 7 2.77-2.81 2 2,790,067 21 G/A 0.015 1.33E-08
FI_Y12 7 2.93-2.97 2 2,946,286 7 C/A 0.014 CDYL 1.12E-08
Fl_Y12 7 2.96-3.00 2 2,984,884 6 G/A 0.014 PPP1R3G/RPP40 1.07E-08
FI_Y12 7 3.09-3.13 1 3,113,873 1 AG 0.014 9.62E-09
Fl_Y12 7 3.25-3.29 2 3,273,858 5 G/A 0.014 FARS2 9.82E-09
FI_Y12 7 3.34-3.38 1 3,358,876 2 G/T 0.014 FARS2 2.36E-08
FI_Y12 7 4.34-4.38 1 4,362,436 0 C/G 0.016 7.90E-08
Fl_Y12 7 4.44-4.48 3 4,463,468 12 T/C 0.025 7.57E-08
FI_Y12 7 4.83-4.87 1 4,847,230 1 T/A 0.016 DSP 8.17E-08
Fl_Y12 7 126.22-126.26 1 126,240,205 0 AG 0.012 7.36E-10
FI_Y12 7 133.35-133.39 1 133,368,593 0 AG 0.498 3.00E-20
FI_Y12 8 144.75-144.79 1 144,770,928 21 T/C 0.018 9.09E-08
Fl_Y12 10 3.59-3.63 2 3,609,429 24 C/T 0.031 3.40E-12
FI_Y12 10 43.64-43.68 1 43,663,373 17 C/A 0.017 ST8SIAG 4.56E-08
Fl_Y12 11 73.33-73.37 1 73,353,457 9 C/A 0.017 1.26E-07
FI_Y12 12 2.80-2.84 1 2,824,213 15 AG 0.026 RBFOX3 4.59E-08
Fl_Y12 13 209.06-209.10 3 209,081,546 1 A/C 0.011 5.01E-11
FI_Y12 14 156.45-15.49 2 15,472,751 1 AG 0.018 GLRA3 1.14E-09
(Continued)

Frontiers in Genetics | www.frontiersin.org

October 2019 | Volume 10 | Article 1012


https://www.frontiersin.org/journals/genetics
http://www.frontiersin.org
https://www.frontiersin.org/journals/genetics#articles

Wu et al.

GWAS on Whole-Genome Resequencing

TABLE 2 | Continued

Trait Chr Range of SNP (Mb) Number of Top SNP position n_miss Allele  Allele frequency Candidate gene P
SNP (bp)
FI_Y12 14 15.18-15.22 1 15,199,253 3 AT 0.024 8.60E-09
FI_Y12 15 4.07-4.11 2 4,094,589 0 AG 0.026 ORC4 5.84E-09
FI_Y12 15 4.10-4.14 1 4,121,092 4 AG 0.02 2.40E-07
FI_Y12 15 4.47-4.51 1 4,487,592 24 C/G 0.02 2.49E-08
FI_Y12 15 4.88-4.92 1 4,895,899 0 T/A 0.022 6.28E-08
FI_Y12 15 5.22-5.26 6 5,235,766 6 G/A 0.023 7.35E-08
Fl_Y12 15 134.32-134.36 1 134,340,038 21 C/A 0.013 2.74E-10
FI_Y12 15 150.28-150.32 1 150,297,519 6 T/C 0.019 4.32E-13
FI_Y12 16 65.60-65.64 1 65,618,538 14 AG 0.023 LSM11/THG1L 2.26E-07
FI_Y12 17 16.52-16.56 3 16,543,976 20 G/T 0.015 3.76E-09
FI_Y12 17 63.20-63.24 1 63,224,611 18 T/G 0.058 6.51E-08
FI_Y12 18 0.05-0.09 1 65,826 2 C/T 0.038 1.92E-07
FI_Y23 4 81.79-81.83 1 81,813,944 18 T/G 0.011 NME7 6.99E-10
FI_Y23 4 73.90-73.94 1 73,919,093 14 A/C 0.011 TOX 3.35E-08
FI_Y23 4 127.80-127.84 1 127,815,487 9 C/A 0.013 1.51E-07
FI_Y23 6 114.17-114.21 1 114,189,381 23 T/C 0.011 1.38E-07
FI_Y23 7 46.65-46.69 1 46,665,504 22 G/T 0.014 GSTA4/RF00100/ICK 8.67E-10
FI_Y23 9 46.50-46.54 1 46,524,685 16 G/T 0.018 CBL/MCAM/RNF26 8.49E-08
FI_Y23 ih 65.25-65.29 1 65,267,206 8 C/A 0.011 DNAJC3 5.23E-09
FI_Y23 15 123.50-123.54 1 123,522,220 18 G/A 0.044 EPHA4 3.29E-09
FI_Y34 2 62.61-62.65 1 62,633,529 3 T/C 0.498 SLC1A6/LOC100736663/ 1.00E-07
LOC100523890

FI_Y34 7 133.40-133.44 5 133,416,643 1 T/C 0.498 9.88E-08
FI_Y34 9 33.26-33.30 1 33,275,594 3 T/C 0.041 MMP20 3.58E-08
FI_Y34 11 0.60-0.64 1 616,632 20 C/A 0.013 ZMYM5 1.89E-08
FI_Y34 15 35.81-35.85 1 35,828,705 1 G/A 0.498 9.89E-08

Chr, chromosome; range of SNP, range of significant chromosome region; number of SNP, number of SNP involved; n_miss, number of missing values of the SNP;

alleles, alleles of top SNR.

The bolded text shown that the common SNPs detected in both GBS data and imputed WGS data.
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suggestive threshold (1/N), a total of 125 genome-wide significant
SNPs and 259 suggestive SNPs were detected in two populations.

For Landrace pigs, the results are shown in Figure 3B and
Table 3. The Q-Q plots are shown in Supplementary Figure 2B,

and the genomic inflation factors were between 0.95 and 1.03
(Supplementary Table 5). No genome-wide significant loci were
found for FI of each parity using imputed data. Meanwhile, a total
of 15 suggestive loci (Supplementary Table 3) were detected for
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FI with P values between 2.13 x 107 and 2.41 x 10-%. Of these,
one SNP was found for FI_L12, six SNPs for FI_L23, and eight
SNPs for FI_L34. In the region SSC6: 77.40 to 77.44Mb, six
consecutive SNPs were associated with FI_123, and the position
of the top SNP was SSC6: 77,416,585 bp (P =2.41 x 1078). At 91.47
to 91.51 Mb on SSC4, seven SNPs associated with FI_L34 were
found; the top one was SSC4: 91,492,978 bp (P = 6.98 x 1078).
For Large White pigs, the results are shown in Figure 4B and
Table 3. The Q-Q plots are shown in Supplementary Figure 3B,
and the genomic inflation factors were between 1.01 and 1.03
(Supplementary Table 5). A total of 125 genome-wide significant
SNPs were identified, including 102 significant SNPs for FI_Y12 and
23 SNPs for FI_Y34 (Table 3). In addition, a total of 244 suggestive
SNPs were found, including 111 SNPs for FI_Y12, 1 for FI_Y23,and
132 for FI_Y34 (Supplementary Table 3). Notably, four interesting
peaks were observed, as shown in Figure 4B. A significant region
at 2.14 to 2.18 Mb on SSC7 with the top SNP of SSC7: 2,159,059 bp
(P =6.93 x 107'') was found for FI_Y12. At 10.67 to 10.71 Mb in
SSC14, this study detected a significant locus (top SNP SSC14:

10,694,678bp, P = 2.00 x 10°) for FI_Y12. The third region was
located in SSC15: 154.91 to 154.95Mb with the top SNP SSCI15:
154,933,940bp (P = 1.72 x 107°) for FI_Y34. The fourth region was
located in SSC9: 38.20 to 38.24 Mb (Supplementary Table 3). In
this region, a total of 119 consecutive SNPs and two candidate genes
(ZC3H12C and RDX gene) for FI_Y34 were detected; the top SNP
was located at SSC9: 38,215,712bp (P = 3.74 x 107%).

After filtering the imputed data to those with imputation
accuracy of higher than 0.8, in Landrace pigs, totals of 2,043,321,
2,044,003, and 2,032,985 SNPs were analyzed for FI_L12, FI_
123, and FI_L34, respectively. In Large White pigs, the totals
were 2,453,952, 2,453,789, and 2,449,239 SNPs for FI_Y12,
FI_Y23, and FI_Y34, respectively (Supplementary Table 1).
The GWAS results are shown in Figure 3C, Figure 4C, and
Table 4 and Supplementary Table 4. The Q-Q plots are shown
in Supplementary Figures 2C and 3C, and the genomic inflation
factors were between 0.94 and 1.03 (Supplementary Table 5).
Based on the genome-wide significance threshold (0.05/N) and
suggestive threshold (1/N), a total of 27 genome-wide significant

TABLE 3 | The GWAS results at genome significant level for FI of different parities using imputed WGS data (allelic R2 > 0.3) in pigs.

Trait Chr Range of SNP  Number of Top SNP Allelic R? n_miss Alleles Allele frequency Candidate gene P
(Mb) SNP position (bp)
FI_Y12 1 39.39-39.43 2 39,407,333 0.65 0 AG 0.014 6.08E-12
FI_Y12 2 136.11-136.15 19 136,127,645 1.00 0 A/G 0.012 5.81E-11
FI_Y12 5 103.41-103.45 3 103,426,443 0.96 0 A/C 0.012 4.29E-16
FI_Y12 6 23.29-23.33 6 23,313,531 0.75 0 T/C 0.044 CDH8 2.88E-09
FI_Y12 6 27.79-27.83 1 27,811,226 0.93 0 A/G 0.02 C160rf70/B3GNT9/ 3.68E-09
TRADD/HSF4/NOL3/
KIAA0895L/EXOC3L1
FI_Y12 7 2.14-2.18 35 2,160,719 0.61 0 T/C 0.018 6.93E-11
FI_Y12 10 3.59-3.63 4 3,609,429 0.88 0 T/C 0.026 2.81E-13
FI_Y12 14 10.67-10.71 22 10,694,678 0.74 0 c/T 0.068 ADRA1TA 2.00E-09
FI_Y12 14 15.18-15.22 6 15,199,253 0.99 0 A/G 0.024 8.07E-09
FI_Y12 15 150.28-150.32 3 150,297,519 0.98 0 T/C 0.018 3.82E-13
FI_Y12 15 134.32-134.36 1 134,340,038 0.90 0 C/A 0.012 3.18E-10
FI_Y34 12 43.71-43.75 1 43,730,214 0.69 0 G/A 0.014 NF1 6.79E-09
FI_Y34 15 154.76-154.80 164,777,447 0.61 0 T/G 0.159 2.17E-09
FI_Y34 15 154.77-154.81 1 154,788,901 0.62 0 T/C 0.159 2.17E-09
FI_Y34 15 154.91-154.95 10 154,933,940 0.75 0 c/T 0.212 1.72E-09

Chr, chromosome; range of SNP, range of significant chromosome region; number of SNP, number of SNP involved; allelic R2, estimated correlation between the
imputed and true genotypes; n_miss, number of missing values of the SNP; alleles, alleles of top SNP.
The bolded text shown that the common SNPs detected in both GBS data and imputed WGS data.

TABLE 4 | The GWAS results at genome significant level for FI of different parities using imputed WGS data (allelic R2 > 0.8) in pigs.

Trait Chr Range of SNP  Number of Top SNP Allelic R? n_miss Alleles Allele Candidate gene P
(Mb) SNP position (bp) frequency

FI_Y12 2 136.11-136.15 10 136,127,645 1.00 0 AG 0.012 1.54E-09

FI_Y12 5 103.41-103.45 3 103,426,443 0.96 0 A/C 0.012 5.44E-13

Fl_Y12 6 27.79-27.83 1 27,811,226 0.93 0 AG 0.02 C160rf70/B3GNTY/ 3.44E-08
TRADD/HSF4/NOL3/
KIAA0895L/EXOC3LA1

FI_Y12 10 3.59-3.63 4 3,609,429 0.88 0 T/C 0.026 3.66E-11

FI_Y12 14 15.18-15.22 6 15,199,253 0.99 0 AG 0.024 6.32E-08

Fl_Y12 15 150.28-150.32 3 150,297,519 0.98 0 T/C 0.018 3.82E-13

Chr, chromosome; range of SNF, range of significant chromosome region; number of SNF, number of SNP involved; allelic R2, estimated correlation between the
imputed and true genotypes; n_miss, number of missing values of the SNP; alleles, alleles of top SNP
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SNPs for FI_Y12 (Table 4) were detected. In terms of suggestive
SNPs, 1 SNP for FI_L12 (Supplementary Table 4) and 74 for
FI_Y34 (Supplementary Table 4) were detected. For FI_Y34, a
peak was observed in the region of 38.20 to 38.24 Mb, and the top
SNP was located at SSC9: 38215712.

Comparing GWAS Results for GBS Data
and Imputed Data

In this study, a total of six genome-wide significant loci were
simultaneously uncovered for genotype data both before and
after imputation. In the region of 136.11 to 136.15Mb, the first
locus with the top SNP SSC2: 136,127,645bp was detected, and
the P values of the top SNP were 6.04 x 10! and 5.81 x 10-!! for
GBS data and imputed data, respectively. The second locus was
located in the region 103.41 to 103.45Mb on SSC5. The P values
of the top SNP SSC5: 103,426,443 bp in the data before and after
imputation were 5.22 x 1071° and 4.29 x 107'°, respectively. The
third locus was located in the region of SSC15: 27.79 to 27.83 Mby;
the position of the top SNP was SSC6: 27,811,226bp (P =
2.56 x 1078 for original data; P = 3.44 x 10-8 for imputed data).
In the region of SSC10: 3.59 to 3.63 Mb, the fourth common top
SNP SSC10: 3,609,429 bp was found, with P values of 3.40 x 10712
(original) and 2.81 x 10-1* (imputed). The fifth locus was found
in the region of SSC14: 15.18 to 15.22Mb, and the P values of
the top SNP SSC14: 15,199,253 bp were 8.60 x 10~ (original) and
8.07 x 10~ (imputed). At the sixth locus, the P values of the top
SNP SSC15: 150,297,519 bp were 4.32 x 10-3and P=3.82 x 1013
for the data before and after imputation, respectively. Moreover, a
clear peak (SSC9: 38.20-38.24 Mb) was observed in the imputed
data with accuracy higher than 0.3 and 0.8.

Candidate Genes

The GWAS results using imputed data were used to detect
functional genes in this study. Based on the pig genes Sscrofall.1,
a total of 10 candidate genes were detected near (within 20 Kb)
the genome significant SNPs for imputed data. And, within a
20-Kb region centering each suggestive SNP, 20 genes were found
for imputed data. These genes were used to conduct GO analyses
in DAVID software. A total of 210 GO terms were detected, of
which four significant GO terms (P < 0.05) were identified. The
significant GO terms were associated with cellular response
to heat, secretory granule, regulation of gene expression, and
response to hypoxia. Considering the genes involved in these
significant GO terms and functional annotation in NCBI
database and reported literatures, CHST11, NFI, and ADRAIA
promising candidate genes were suggested for FI.

DISCUSSION

This is the first study to investigate the imputation accuracy
from GBS to WGS data and perform GWAS using the GBS and
imputed WGS data for FI of different parities in Landrace and
Large White pigs. The previous study demonstrated that using
multiple reference populations, the imputation from low-density
SNPs chip to WGS resulted in a poor imputation accuracy in

pigs (Berg et al., 2019). Thus, 20 Landrace and 40 Large White
pigs were separately used as a single-breed reference population
for each breed. A total of 300 Landrace and 300 Large White
pigs were separately used as the target population in this study.
Subsequently, the imputations were conducted for each breed
by Beagle software. In summary, GWAS using the imputed
WGS demonstrated that use of imputed WGS would improve
identification of genetic variants. The imputation accuracy and
GWAS results were discussed in the following sections.

Imputation From GBS to WGS
Imputation accuracy is known to be affected by the size of
the reference population, population structure, imputation
method, and marker density (Ye et al., 2018). To investigate the
accuracy of imputation to WGS in Landrace and Large White
pigs, the GBS data were directly imputed to WGS data, using
a single-breed reference population with Beagle software.
After imputation, 35.17% to 42.10% of SNPs had imputation
accuracy higher than 0.3. Differences in the reference
population size would result in differences in imputation
accuracy. Specifically, a limited reference population would
result in poor imputation accuracy (Binsbergen et al., 2014).
In our study, the average imputation accuracy was higher for
Large White pigs than for Landrace pigs. In addition, for most
chromosomes (with the exceptions of chromosomes 3, 10,
and 16), the accuracy for each chromosome was also higher
for Large White pigs than for Landrace pigs. This can be
explained by there being only 20 Landrace pigs in the reference
population compared with 40 Large White pigs. These results
demonstrate that the reference population size contributed to
imputation accuracy and that imputation accuracy increased
with increasing population size. In addition, the differences
in population structure and genetic architecture between
Large White and Landrace pigs probably also resulted in
the differences in imputation accuracy between two breeds.
These factors would result in different rates of LD decay and
different numbers of independent chromosome segments
(Goddard et al., 2009). Lower LD decay and a high rate of
shared haplotypes would result in high imputation accuracy.
Using Beagle software, it was reported that the rates of
imputation accuracy from BovineHD bead chip to WGS were
0.77 to 0.83 in bovines (Binsbergen et al., 2014). In addition, in
a study by Ni et al. (2015) on chicken, the imputation accuracy
from a 600K chip to WGS data was found to be more than
0.95. The imputation accuracy was also reported to increase
with increasing density of the target SNP chip, sequencing cost,
number of reference individuals (Ye et al., 2018), and MAF
(Berg et al.,, 2019). In that study, it was found that accuracy of
imputation from 60- and 600-K chip data to WGS data was 0.62
and 0.81, while the accuracy ranged from 0.421 to 0.897 for 1
to 24 reference individuals in hens (Ye et al., 2018). However,
imputation accuracy in this study was similar to that in a
study with 90 reference individuals (accuracy of 0.46) in bulls
(Binsbergen et al., 2014). Expanding the reference population size
would improve imputation accuracy (Bouwman and Veerkamp,
2014). In comparison to these previous studies, the imputation
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accuracy from GBS to WGS data was relatively low in our study.
Possible reasons for this include the limited reference population
(reference populations of 20 and 40 individuals) and the low-
density target genotypes (about 320-K genotypes).

Quantitative traits are controlled by few genes with large
effects and numerous polygenes with minor effects. Loci with
a low allele frequency may have large effects on the complex
traits (Manolio et al., 2009). However, average imputation
accuracy was quite low for the genetic variants with lower
MATF. Indeed, accuracy is generally lower for SNPs with low
MAEF. Factors that could affect imputation accuracy are MAF
of imputed SNPs, distance, and MAF difference between
the imputed SNPs and their nearest SNPs on target data. As
expected, the average imputation accuracy sharply decreased
for SNPs with MAF of imputed SNPs below 0.1, while it
was comparatively stable at MAF of imputed SNPs 0.1 to
0.45 in this study. These findings are in agreement with the
literatures (Chen and He, 2012; Hayes et al., 2012; Ye et al,,
2018; Bolormaa et al., 2019). In another study, the imputation
accuracy showed a sharp decline when MAF was smaller than
0.2 in hens (Ye et al., 2018). However, the average imputation
accuracy was here found to decrease at MAF > 0.45. The large
distance and MAF difference would result in a low imputation
accuracy (Binsbergen et al., 2014; Berg et al., 2019). In this
study, the distance and MAF difference between imputed SNPs
and their closest SNPs on GBS data were large at MAF <0.1
and MAF > 0.45 in two populations (Supplementary Figures
4 and 5). And the average imputation accuracy decreased with
increasing distance and MAF difference. Thus, the low average
imputation accuracy at MAF < 0.1 and MAF > 0.45 may have
been caused by the large distance and MAF difference between
imputed SNPs and their closest SNPs on GBS data.

Furthermore, the appropriate selection of key individuals
used as a reference population would contribute to increasing the
accuracy for low-MAF SNPs compared with random selection
(Pausch et al.,, 2013; Moghaddar et al., 2015; Ye et al., 2018).
However, the use of a reference population with the closest
relationship would result in a lower imputation accuracy than
random selection (Yu et al., 2014). In this study, random selection
of the reference population resulted in poor imputation accuracy.
In further study, the appropriate selection of key individuals for
sequencing should be performed to determine whether it can
contribute to increasing the accuracy of imputation from low-
density data to WGS data in pigs.

The Identified QTLs and Potential
Candidate Genes

Based on low-density SNP chips, association analyses achieved
low power and accuracy for detectingloci associated with complex
traits. Using WGS data, GWAS is optimized to identify genetic
variants for complex traits. However, the imputation from GBS
to WGS data obtained a poor imputation accuracy. The imputed
WGS data contained the most causal loci. The use of imputed
WGS data instead of GBS data improved the identification of
loci of interest. In this study, association analyses using imputed
WGS data rather than GBS data could reduce the mapping noise

and highlight the peaks that are important for FI. All of the SNPs
for imputed WGS with accuracy higher than 0.8 matched those
in the imputed WGS with accuracy higher than 0.3.

In this imputed GWAS, a total of 90 significant SNPs
associated with FI_Y12 were located on 12 QTL regions reported
to be associated with reproductive traits, including age at puberty
(Nonneman et al., 2014), gestation length (Wilkie et al., 1999;
Chen et al., 2010), corpus luteum number (Rohrer et al., 1999;
Schneider et al., 2014), teat number (Hernandez et al., 2014),
litter size (Hernandez et al., 2014), number of stillborn (Onteru
et al,, 2012), and number of offspring born alive (Tribout et al.,
2008). For FI_Y34, the peak SNP (SSC12:43730214) was included
within seven reproduction-related QTL regions associated with
teat number (Hirooka et al., 2001) and gestation length (Chen
etal,, 2010), in which the NF1 gene was found. This study further
confirmed the importance of these 19 QTLs in pigs.

GWAS with imputed WGS data may be effective to detect
putative candidate genes. Numerous putative candidate genes
for FI located near these identified loci were found in two
populations. Of these, the product of the CHSTII gene is
localized at the Golgi membrane and is a key enzyme in the
biosynthesis of chondroitin sulfates (Mikami et al.,, 2003).
This gene was previously found to be highly expressed in
ovarian cancer (Oliveira-Ferrer et al., 2015). The GO terms
of the CHST11 gene are related to chondrocyte development,
postembryonic development, embryonic digit morphogenesis,
developmental growth, and embryonic viscerocranium
morphogenesis. The NFI gene is known as a key transcription
factor that modulates the tissue-specific transcription of
various genes (Ivanov et al., 1990). In bovines, the expression
of the NFI gene was also found to dramatically increase in the
development of lactation (Ivanov et al., 1990). The NFI gene
also plays a significant role during embryogenesis in mice
(Gutmann et al., 1995). Moreover, studies involving knockout
of the NFI gene suggested that this gene significantly affects
osteoblast development in embryonic stem cells (Yu et al,
2010) and is expressed in lactation and mammary glands. The
ADRAIA gene is a member of the G protein-coupled receptor
superfamily and modulates the mitogenic response and growth
and proliferation of cells. It encodes the a-epinephrine receptor
for epinephrine, norepinephrine, and catecholamine (Freitas
et al.,, 2008) and plays an important role in smooth muscle
contraction, myocardial inotropism, and hepatic glucose
metabolism (Stéphane et al., 2007). Furthermore, this gene was
found to play an important role in fetal sheep (Giussani et al.,
1995). Therefore, investigation into the molecular mechanisms
associated with these identified loci and genes could provide
valuable insight into the genetic architecture behind FI in pigs
and help to improve pig breeding.

CONCLUSION

Using a single-breed reference population, imputation from
GBS to WGS data resulted in a poor imputation accuracy. After
imputation, the average imputation accuracy (allelic R?) was
0.42 and 0.45 for Landrace and Large White pigs, respectively.
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The different size of reference population may have contributed
to this difference of imputation accuracy in Landrace and
Large White pigs. Although the imputation accuracy was
low, the imputed WGS data promoted the detection of loci
affecting quantitative traits. The use of the imputed WGS for
GWAS appeared to reduce the mapping noise and highlight the
important peaks in this study. These results provide useful novel
insight into the genetic variants and genes associated with FI of
different parities in Landrace and Large White pigs. However,
further studies are needed to determine the optimal imputation
strategy from GBS to WGS data and to validate these identified
SNPs and genes.

DATA AVAILABILITY STATEMENT

The datasets supporting the results of this article are included
within the article. All genotypic and phenotype data were
deposited in Figshare DOI: 10.6084/m9.figshare.9505259.

ETHICS STATEMENT

All experimental procedures were performed in accordance with
the Institutional Review Board (IRB14044) and the Institutional
Animal Care and Use Committee of the Sichuan Agricultural
University under permit number DKY-B20140302.

REFERENCES

Aulchenko, Y. S., Ripke, S., Isaacs, A., and van Duijn, C. M. (2007). GenABEL: an
R library for genome-wide association analysis. Bioinformatics 23 (10), 1294
1296. doi: 10.1093/bioinformatics/btm108

Berg, S. V. D., Vandenplas, J., Eeuwijk, E. A. V., Bouwman, A. C., Lopes, M. S., and
Veerkamp, R. E. (2019). Imputation to whole-genome sequence using multiple
pig populations and its use in genome-wide association studies. Genet. Sel.
Evol. 51 (1), 1-13. doi: 10.1186/s12711-019-0445-y

Binsbergen, R. V., Bink, M. C., Calus, M. P, Eeuwijk, E A. V., Hayes, B. ]., Hulsegge, L,
etal. (2014). Accuracy of imputation to whole-genome sequence data in Holstein
Friesian cattle. Genet. Sel. Evol. 46 (1), 41. doi: 10.1186/1297-9686-46-41

Bolormaa, S., Chamberlain, A. J., Khansefid, M., Stothard, P., Swan, A. A.,
Mason, B,, et al. (2019). Accuracy of imputation to whole-genome sequence in
sheep|J]. Genet. Sel. Evol. 51 ((1). doi: 10.1186/s12711-018-0443-5

Bouwman, A. C., and Veerkamp, R. E (2014). Consequences of splitting whole-
genome sequencing effort over multiple breeds on imputation accuracy. Bmc
Genet. 15 (1), 1-9. doi: 10.1186/512863-014-0105-8

Browning, S. R., and Browning, B. L. (2007). Rapid and Accurate Haplotype
Phasing and Missing-Data Inference for Whole-Genome Association Studies
By Use of Localized Haplotype Clustering. Am. J. Hum. Genet. 81 (5), 1084
1097. doi: 10.1086/521987

Cavalcante Neto, A., Lui, J. E, Sarmento, J. L. R., Ribeiro, M. N., Monteiro, J.
M. C., Fonseca, C., et al. (2009). Estimation models of variance components
for farrowing interval in swine. Braz. Arch. Biol. Technol. 52 (1), 69-76. doi:
10.1590/51516-89132009000100009

Chen, C. Y, Guo, Y. M., Zhang, Z. Y., Ren, J., and Huang, L. S. (2010). A whole
genome scan to detect quantitative trait loci for gestation length and sow
maternal ability related traits in a White Durocx Erhualian F2 resource
population. Anim. Intl. ]. Anim. Biosci. 4 (6), 861-866. doi: 10.1017/
S1751731110000169

Chen, J.,and He, T. (2012). Factors Aff ecting the Accuracy of Genotype Imputation
in Populations from Several Maize Breeding Programs. Nat. Struct. Biol. 9 (10),
729-733. doi: 10.2135/cropsci2011.07.0358

AUTHOR CONTRIBUTIONS

PW, GT, and KW performed experiments. PW, KW and JZ
analyzed data and prepared figures and tables. GT and PW
edited and revised manuscript. GT, PW, YL, BF, AJ, LS, WX,
YJ, LZ, YZ, XX and XL conceived, designed research and
wrote this paper. PW, KW, JZ, DC, QY, XY, YL, BF, AJ, LS,
WX, Y], LZ, YZ, XX, XL and GT approved final version of
this manuscript.

FUNDING

The study was supported by grants from the National key R&D
Program of China #2018 YFD0501204, the National Natural Science
Foundation of China (31530073), the National Natural Science
Foundation of China #C170102, the Chinese National Science and
Tech Support Program (no. 2015BAD03B01, 2015GA810001), and
the earmarked fund for the China Agriculture Research System
(no. CARS-35-01A).

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at:
https://www.frontiersin.org/articles/10.3389/fgene.2019.01012/
full#supplementary-material

Danecek, P, Auton, A., Abecasis, G., Albers, C. A., Banks, E., Depristo, M. A., et al.
(2011). The variant call format and VCFtools. Bioinformatics 27 (15), 2156. doi:
10.1093/bioinformatics/btr330

Dennis, G., Sherman, B. T., Hosack, D. A., Yang, J., Gao, W., Lane, H. C,, et al.
(2003). DAVID: Database for Annotation, visualization, and Integrated
Discovery. Genome Biol. 4 (5), P3. doi: 10.1186/gb-2003-4-9-r60

Depristo, M. A., Banks, E., Poplin, R., Garimella, K. V., Maguire, J. R., Hartl, C,,
etal. (2011). A framework for variation discovery and genotyping using next-
generation DNA sequencing data. Nat. Genet. 43 (5), 491-498. doi: 10.1038/
ng.806

Derks, M. E. L., Megens, H. J., Bosse, M., Lopes, M. S., Harlizius, B., and Groenen,
M. A. M. (2017). A systematic survey to identify lethal recessive variation in
highly managed pig populations. Bmc Genomics 18 (1), 858. doi: 10.1186/
$12864-017-4278-1

Freitas, S. R., Pereira, A. C., Floriano, M. S., Mill, J. G., and Krieger, J. E. (2008).
Association of alphala-adrenergic receptor polymorphism and blood pressure
phenotypes in the Brazilian population. Bmc Cardiovasc. Disord. 8 (1), 40-40.
doi: 10.1186/1471-2261-8-40

Giussani, D. A., Moore, P. J., Bennet, L., Spencer, J. A., and Hanson, M. A. (1995).
Alpha 1- and alpha 2-adrenoreceptor actions of phentolamine and prazosin on
breathing movements in fetal sheep in utero. J. Physiol. 486 ( Pt 1), 249. doi:
10.1113/jphysiol.1995.sp020807

Goddard, M., Weir, B. S., Hill, W. G, Zhu, J., and Zeng, Z. B. (2009). Genomic
selection: prediction of accuracy and maximisation of long term response.
Genetica 136 (2), 245-257. doi: 10.1007/s10709-008-9308-0

Gutmann, D. H,, Cole, J. L., and Collins, E. S. (1995). Chapter 33 Expression of the
neurofibromatosis type 1 (NF1) gene during mouse embryonic development.
Prog. Brain Res. 105 (08), 327. doi: 10.1016/S0079-6123(08)63311-7.

Hayes, B. J., Bowman, P. ]., Daetwyler, H. D., Kijas, ]. W,, and Jh, V. D. W. (2012).
Accuracy of genotype imputation in sheep breeds. Anim. Genet. 43 (1), 72-80.
doi: 10.1111/j.1365-2052.2011.02208 x

Hernandez, S. C., Finlayson, H. A., Ashworth, C.J., Haley, C. S., and Archibald, A.
L. (2014). A genome-wide linkage analysis for reproductive traits in F 2 Large
White x Meishan cross gilts. Anim. Genet. 45 (2), 191. doi: 10.1111/age.12123

Frontiers in Genetics | www.frontiersin.org

12

October 2019 | Volume 10 | Article 1012


https://www.frontiersin.org/articles/10.3389/fgene.2019.01012/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fgene.2019.01012/full#supplementary-material
https://doi.org/10.1093/bioinformatics/btm108
https://doi.org/10.1186/s12711-019-0445-y
https://doi.org/10.1186/1297-9686-46-41
https://doi.org/10.1186/s12711-018-0443-5
https://doi.org/10.1186/s12863-014-0105-8
https://doi.org/10.1086/521987
https://doi.org/10.1590/S1516-89132009000100009
https://doi.org/10.1017/S1751731110000169
https://doi.org/10.1017/S1751731110000169
https://doi.org/10.2135/cropsci2011.07.0358
https://doi.org/10.1093/bioinformatics/btr330
https://doi.org/10.1186/gb-2003-4-9-r60
https://doi.org/10.1038/ng.806
https://doi.org/10.1038/ng.806
https://doi.org/10.1186/s12864-017-4278-1
https://doi.org/10.1186/s12864-017-4278-1
https://doi.org/10.1186/1471-2261-8-40
https://doi.org/10.1113/jphysiol.1995.sp020807
https://doi.org/10.1007/s10709-008-9308-0
https://doi.org/10.1016/S0079-6123(08)63311-7
https://doi.org/10.1111/j.1365-2052.2011.02208.x
https://doi.org/10.1111/age.12123
https://www.frontiersin.org/journals/genetics
http://www.frontiersin.org
https://www.frontiersin.org/journals/genetics#articles

Wu et al.

GWAS on Whole-Genome Resequencing

Hirooka, H., de Koning, D. J., Harlizius, B., vanArendonk, J. A., Rattink,
A. P, Groenen, M. A, et al. (2001). A whole-genome scan for quantitative
trait loci affecting teat number in pigs. J. Anim. Sci. 79 (9), 2320. doi:
10.2527/2001.7992320x

Howie, B., Fuchsberger, C., Stephens, M., Marchini, J., and Abecasis, G. R. (2012).
Fast and accurate genotype imputation in genome-wide association studies
through pre-phasing. Nat. Genet. 44 (8), 955. doi: 10.1038/ng.2354

Ivanov, V. N., Kabishev, A. A., Gorodetskii, S. I., and Gribanovskii, V. A. (1990).
[Activation of a trans-activating factor of NF1 transcription in a lactating
mammary gland]. Molekuliarnaia Biol. 24 (6), 1605

Jiang, Y., Tang, S., Wang, C., Wang, Y., Qin, Y., Wang, Y, et al. (2018). A genome-wide
association study of growth and fatness traits in two pig populations with different
genetic backgrounds. J. Anim. Sci. 96 (3), 806-816. doi: 10.1093/jas/skx038.

Jun, R, Yanyu, D., Ruimin, Q., Fei, Y., Zhiyan, Z., Bin, Y., et al. (2011). A missense
mutation in PPARD causes a major QTL effect on ear size in pigs. Plos Genet. 7
(5), €1002043. doi: 10.1371/journal.pgen.1002043

Li, H., and Durbin, R. (2009). “Fast and accurate short read alignment with
Burrows-Wheeler transform.” Bioinformatics 25 (14), 1754-1760. doi: 10.1093/
bioinformatics/btp324

Ma, ], Yang, J., Zhou, L., Ren, J., Liu, X., Zhang, H., et al. (2014). A splice mutation
in the PHKGI gene causes high glycogen content and low meat quality in pig
skeletal muscle. Plos Genet. 10 (10), e1004710. doi: 10.1371/journal.pgen.1004710

Manolio, T. A., Collins, E. S., Cox, N. J., Goldstein, D. B., Hindorff, L. A., Hunter,
D. ], etal. (2009). Finding the missing heritability of complex diseases. Nature
461 (7265), 747. doi: 10.1038/nature08494

Mikami, T., Mizumoto, S., Kago, N., Kitagawa, H., and Sugahara, K.
(2003). Specificities of Three Distinct Human Chondroitin/Dermatan
N-Acetylgalactosamine ~ 4-O-Sulfotransferases ~ Demonstrated ~ Using
Partially Desulfated Dermatan Sulfate as an Acceptor IMPLICATION OF
DIFFERENTIAL ROLES IN DERMATAN SULFATE BIOSYNTHESIS. J. Biol.
Chem. 278 (38), 36115. doi: 10.1074/jbc.M 306044200

Moghaddar, N., Gore, K. P, Daetwyler, H. D., Hayes, B. J., and Jh, V. D. W. (2015).
Accuracy of genotype imputation based on random and selected reference sets in
purebred and crossbred sheep populations and its effect on accuracy of genomic
prediction. Genet. Sel. Evol. 47 (1), 97. doi: 10.1186/s12711-015-0175-8

Ni, G., Strom, T. M., Pausch, H., Reimer, C., Preisinger, R., Simianer, H., et al.
(2015). Comparison among three variant callers and assessment of the accuracy
of imputation from SNP array data to whole-genome sequence level in chicken.
Bmc Genomics 16 (1), 1-12. doi: 10.1186/s12864-015-2059-2

Noguera, J. L., Varona, L., Babot, D., and Estany, J. (2002). Multivariate analysis
of litter size for multiple parities with production traits in pigs: II. Response to
selection for litter size and correlated response to production traits. J. Anim. Sci.
80 (10), 2540-2547. doi: 10.1093/ansci/80.10.2540

Nonneman, D., Lents, C., Rohrer, G., Rempel, L., and Vallet, J. (2014). Genome-
wide association with delayed puberty in swine. Anim. Genet. 45 (1), 130-132.
doi: 10.1111/age.12087

Oliveira-Ferrer, L., Hef3ling, A., Trillsch, E, Mahner, S., and Milde-Langosch, K.
(2015). Prognostic impact of chondroitin-4-sulfotransferase CHST11 in ovarian
cancer. Tumor Biol. 36 (11), 9023-9030. doi: 10.1007/s13277-015-3652-3

Onteru, S. K., Fan, B., Du, Z. Q., Garrick, D. J., Stalder, K. J., and Rothschild, M.
E (2012). A whole-genome association study for pig reproductive traits. Anim.
Genet. 43 (1), 18-26. doi: 10.1111/j.1365-2052.2011.02213.x

Onteru, S. K., Fan, B., Nikkild, M. T., Garrick, D. J., Stalder, K. J., and Rothschild,
M. E (2011). Whole-genome association analyses for lifetime reproductive
traits in the pig. J. Anim. Sci. 89 (4), 988-995. doi: 10.2527/jas.2010-3236

Pausch, H., Aigner, B., Emmerling, R., Edel, C., Gotz, K. U,, and Fries, R. (2013).
Imputation of high-density genotypes in the Fleckvieh cattle population.
Genet. Sel. Evol. Gse 45 (1), 3. doi: 10.1186/1297-9686-45-3

Pausch, H., Emmerling, R., Schwarzenbacher, H., and Fries, R. (2016). A multi-
trait meta-analysis with imputed sequence variants reveals twelve QTL for
mammary gland morphology in Fleckvieh cattle. Genet. Sel. Evol. Gse 48 (1),
14. doi: 10.1186/s12711-016-0190-4

Rivals, I., Personnaz, L., Taing, L., and Potier, M. (2007). Enrichment or depletion
of a GO category within a class of genes: which test? Bioinformatics 23 (4),
401-407. doi: 10.1093/bioinformatics/btl633

Roehe, R., and Kennedy, B. W. (1995). Estimation of genetic parameters for
litter size in Canadian Yorkshire and Landrace swine with each parity of

farrowing treated as a different trait. J. Anim. Sci. 73 (10), 2959-2970. doi:
10.2527/1995.73102959x

Rohrer, G. A, Ford, J. J., Wise, T. H., Vallet, J. L., and Christenson, R. K. (1999).
Identification of quantitative trait loci affecting female reproductive traits in a
multigeneration Meishan-White composite swine population. J. Anim. Sci. 77
(6), 1385-1391. doi: 10.2527/1999.7761385x

Sanchez, M. P, Govignongion, A., Croiseau, P, Fritz, S., Hozé, C., Miranda, G.,
et al. (2017). Within-breed and multi-breed GWAS on imputed whole-genome
sequence variants reveal candidate mutations affecting milk protein composition
in dairy cattle. Genet. Sel. Evol. 49 (1), 68. doi: 10.1186/s12711-017-0344-z

Schneider, J. F, Nonneman, D. J., Wiedmann, R. T, Vallet, J. L., and Rohrer, G. A.
(2014). Genomewide association and identification of candidate genes for
ovulation rate in swine. J. Anim. Sci. 92 (9), 3792-3803. doi: 10.2527/jas.2014-7788

Serenius, T., Sevon-Aimonen, M.-L., and Méntysaari, E. (2003). Effect of service
sire and validity of repeatability model in litter size and farrowing interval of
Finnish Landrace and Large White populations. Livest. Prod. Sci. 81 (2), 213-
222. doi: 10.1016/S0301-6226(02)00300-7

Stéphane, S., Jeanne, M. P, Christodoulos, F, and Hervé, P. (2007). Genetic
variation of human adrenergic receptors: from molecular and functional
properties to clinical and pharmacogenetic implications. Curr. Top. Med.
Chem. 7 (2), 217-231. doi: 10.2174/156802607779318163

Tribout, T., Iannuccelli, N., Druet, T., Gilbert, H., Juliette, R., Ronan, G., et al.
(2008). Detection of quantitative trait loci for reproduction and production
traits in Large White and French Landrace pig populations (Open Access
publication). Genet. Sel. Evol. 40 (1), 1-18. doi: 10.1186/1297-9686-40-1-61

Turner, S. D. (2014). ggman: an R package for visualizing GWAS results using Q-Q
and manhattan plots. Biorxiv. 7 (5), €1002043. doi: 10.1101/005165

Ventura, R. V,, Miller, S. P, Dodds, K. G., Auvray, B., Lee, M., Bixley, M., et al.
(2016). Assessing accuracy of imputation using different SNP panel densities
in a multi-breed sheep population. Genet. Sel. Evol. 48 (1), 71. doi: 10.1186/
s12711-016-0244-7

Wang, Y., Ding, X, Tan, Z., Xing, K., Yang, T., Wang, Y., et al. (2018). Genome-
wide association study for reproductive traits in a Large White pig population.
Anim. Genet. 49 (2), 127-131. doi: 10.1111/age.12638

Wilkie, P. J., Paszek, A. A., Beattie, C. W., Alexander, L. J., Wheeler, M. B., and
Schook, L. B. (1999). A genomic scan of porcine reproductive traits reveals
possible quantitative trait loci (QTLs) for number of corpora lutea. Mamm.
Genome 10 (6), 573-578. doi: 10.1007/s003359901047

Yan, G., Qiao, R., Zhang, E, Xin, W, Xiao, S., Huang, T, et al. (2017). Imputation-
Based Whole-Genome Sequence Association Study Rediscovered the Missing
QTL for Lumbar Number in Sutai Pigs. Sci. Rep. 7 (1), 615. doi: 10.1038/
541598-017-00729-0

Ye, S., Yuan, X., Lin, X, Gao, N., Luo, Y., Chen, Z., et al. (2018). Imputation from
SNP chip to sequence: a case study in a Chinese indigenous chicken population.
J. Anim. Sci. Biotechnol. 9 (1), 30. doi: 10.1186/s40104-018-0241-5

Yu, X,, Ma, J,, Meng, G., Guillemette, R., and Hock, J. (2010). Abnormal osteoblast
development from Nfl null embryonic stem cells. Bone 47 (Suppl3), S365-
$365. doi: 10.1016/j.bone.2010.09.100

Yu, X., Woolliams, J. A., and Meuwissen, T. H. (2014). Prioritizing animals for
dense genotyping in order to impute missing genotypes of sparsely genotyped
animals. Genet. Sel. Evol. 46 (1), 46. doi: 10.1186/1297-9686-46-46

Zhang, Y., Wang, M., Yuan, J., Zhou, X., and Liu, B. (2018). Association of
polymorphisms in NR6A1, PLAG1 and VRTN with the number of vertebrae
in Chinese Tongcheng x Large White crossbred pigs. Anim. Genet. 49 (4), 353.
doi: 10.1111/age.12653

Conflict of Interest: The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be construed as a
potential conflict of interest.

Copyright © 2019 Wu, Wang, Zhou, Chen, Yang, Yang, Liu, Feng, Jiang, Shen,
Xiao, Jiang, Zhu, Zeng, Xu, Li and Tang. This is an open-access article distributed
under the terms of the Creative Commons Attribution License (CC BY). The use,
distribution or reproduction in other forums is permitted, provided the original
author(s) and the copyright owner(s) are credited and that the original publication
in this journal is cited, in accordance with accepted academic practice. No use,
distribution or reproduction is permitted which does not comply with these terms.

Frontiers in Genetics | www.frontiersin.org

13

October 2019 | Volume 10 | Article 1012


https://doi.org/10.2527/2001.7992320x
https://doi.org/10.1038/ng.2354
https://doi.org/10.1093/jas/skx038
https://doi.org/10.1371/journal.pgen.1002043
https://doi.org/10.1093/bioinformatics/btp324
https://doi.org/10.1093/bioinformatics/btp324
https://doi.org/10.1371/journal.pgen.1004710
https://doi.org/10.1038/nature08494
https://doi.org/10.1074/jbc.M306044200
https://doi.org/10.1186/s12711-015-0175-8
https://doi.org/10.1186/s12864-015-2059-2
https://doi.org/10.1093/ansci/80.10.2540
https://doi.org/10.1111/age.12087
https://doi.org/10.1007/s13277-015-3652-3
https://doi.org/10.1111/j.1365-2052.2011.02213.x
https://doi.org/10.2527/jas.2010-3236
https://doi.org/10.1186/1297-9686-45-3
https://doi.org/10.1186/s12711-016-0190-4
https://doi.org/10.1093/bioinformatics/btl633
https://doi.org/10.2527/1995.73102959x
https://doi.org/10.2527/1999.7761385x
https://doi.org/10.1186/s12711-017-0344-z
https://doi.org/10.2527/jas.2014-7788
https://doi.org/10.1016/S0301-6226(02)00300-7
https://doi.org/10.2174/156802607779318163
https://doi.org/10.1186/1297-9686-40-1-61
https://doi.org/10.1101/005165
https://doi.org/10.1186/s12711-016-0244-7
https://doi.org/10.1186/s12711-016-0244-7
https://doi.org/10.1111/age.12638
https://doi.org/10.1007/s003359901047
https://doi.org/10.1038/s41598-017-00729-0
https://doi.org/10.1038/s41598-017-00729-0
https://doi.org/10.1186/s40104-018-0241-5
https://doi.org/10.1016/j.bone.2010.09.100
https://doi.org/10.1186/1297-9686-46-46
https://doi.org/10.1111/age.12653
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/genetics
http://www.frontiersin.org
https://www.frontiersin.org/journals/genetics#articles

	GWAS on Imputed Whole-Genome Resequencing From Genotyping-by-Sequencing Data for Farrowing Interval of Different Parities in Pigs

	﻿Introduction

	﻿Methods

	﻿Animals and Phenotype Records

	﻿DNA Extraction

	﻿Reference Sequence Data

	﻿Target Sequence Data

	﻿Genotype Imputation

	﻿Genome-Wide Association Study

	﻿Candidate Genes Searching


	﻿Results

	﻿Genotype Data

	﻿Imputation Accuracy

	﻿Factors That Affect Imputation Accuracy

	﻿Whole-Genome Resequencing 
Association Analyses

	﻿GWAS for Data Before Imputation

	﻿GWAS for Data After Imputation

	﻿Comparing GWAS Results for GBS Data and Imputed Data

	﻿Candidate Genes


	﻿Discussion

	﻿Imputation From GBS to WGS

	﻿The Identified QTLs and Potential Candidate Genes


	﻿Conclusion

	﻿Data Availability Statement

	﻿Ethics Statement 

	﻿Author Contributions

	﻿Funding

	﻿Supplementary Material

	References



