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Identification of the gene for agronomic traits is important for the wheat marker-assisted selection (MAS) breeding. To identify the new and stable loci for agronomic traits, including flag leaf length (FLL), flag leaf width (FLW), uppermost internode length (UIL), and plant morphology (PM, including prostrate, semi-prostrate, and erect). A total of 251 spring wheat accessions collected from the Northeast of China were used to conduct genome-wide association study (GWAS) by 55K SNP arrays. A total of 30 loci for morphological traits were detected, and each explained 4.8–17.9% of the phenotypic variations. Of these, 13 loci have been reported by previous studies, and the other 17 are novel. We have identified seven genes involved in the signal transduction, cell-cycle progression, and plant development pathway as candidate genes. This study provides new insights into the genetic basis of morphological traits. The associated SNPs and accessions with more of favorable alleles identified in this study could be used to promote the wheat breeding progresses.
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BACKGROUND
Common wheat (Triticum aestivum L.) is an essential cereal crop and provides nearly 20% of the total caloric input to the global population (He et al., 2010; Wang et al., 2019). Due to the complicated genetic architecture (Gao et al., 2017; Li et al., 2021), the progresses for the improvement of morphological traits are difficult. Heilongjiang and Jilin provinces located at the Northeast of China are the major spring wheat-producing regions (Li et al., 2021). Although the wheat production has been improved largely in the past decades, it is still not enough to meet the needs of the people (He et al., 2010; Xu et al., 2021).
Morphological traits include various traits, such as flag leaf length (FLL), flag leaf with (FLW), uppermost internode length (UIL), and plant morphology (PM, including prostrate, semi-prostrate, and erect) (Li et al., 2018; Li et al., 2021). Both the genetic and environmental factors influenced morphological traits. Marker-assisted selection (MAS) based on molecular marker is an available and effective approach for the further improvement of morphological traits of wheat (He et al., 2010; Rasheed et al., 2016; Wang et al., 2020). However, the effective and reliability of MAS depend on the number and quality of available genes/QTLs and associated markers for target traits. Until now, over 30 genes associated with morphological traits were cloned by homologous cloning or map-based cloning, and over 50 functional markers or kompetitive allele-specific PCR (KASP) markers were developed (Cui et al., 2014; Rasheed et al., 2016; Nadolska-Orczyk et al., 2017; Lozada et al., 2019). Besides, over 120 loci for morphological traits were detected by linkage mapping and association analysis (Gao et al., 2017; Würschum et al., 2017; Rahimi et al., 2019; Pang et al., 2020; Li et al., 2021). However, the loci/gene is still not enough for the improvement of wheat morphological traits. Identifying the novel genes or loci for morphological traits is urgent.
Single nucleotide polymorphism (SNP), insertion and deletion (InDel), simple sequence repeats (SSRs), and diversity array technology (DArT) markers are the mostly used molecular marker for genotyping (Wang et al., 2014; Rasheed et al., 2016). Compared with SSR and DArT markers, SNPs have more abundant and higher coverage. With the development of the gene chip and NGS technology, getting SNP quickly becomes feasible and provides an effective way to identifying genes/QTLs for complex traits (Zhu et al., 2008; Liu et al., 2017; Wang et al., 2020). Now, the 55, 90, and 660K wheat SNP arrays are gradually replacing SSR and DArT markers in genetic analysis and have been widely used in the genetic analysis for yield (Gao et al., 2015; Sun et al., 2017; Beyer et al., 2019; Li et al., 2019), disease resistance (stripe rust, leaf rust, or powdery mildew), end-use quality, procession quality, and biotic or abiotic stress tolerance (drought or flood)-related traits (Liu et al., 2016a; Liu et al., 2017; Valluru et al., 2017; Liu et al., 2019; Li et al., 2021; Quan et al., 2021).
Linkage analysis and association mapping are the two main ways to uncover the genetic mechanism of complex traits (Zhu et al., 2008; Liu et al., 2016b; Liu et al., 2017). Compared with the bi-parental linkage analysis, association mapping is based on natural population (including wild types, landraces, released cultivars, and improved accessions) and offers an effective and reliable approach to uncover the genetic architecture of complex traits (Liu et al., 2017; Wang et al., 2020). Besides, linkage analysis focused on specific traits, whereas the GWAS could be used to analyze all traits based on the same set of genotype data (Zhu et al., 2008). Nowadays, association mapping has been widely used in the genetic analysis of complex traits in wheat, including grain yield-related traits, disease-related traits, and biotic and abiotic stresses (Cui et al., 2014; Zuo et al., 2020; Quan et al., 2021). The rapid, efficient, and accurate genotyping is the basis to conduct GWAS. Thus, the SNP chip provides an effective and feasible way for association mapping.
In this study, 251 spring wheat accessions mainly collected from the Northeast of China (Heilongjiang and Jilin province) were used to 1) identify loci for morphological traits in spring wheat, 2) get new insights into the genetic architecture of target traits, and 3) search for candidate genes for further study.
MATERIALS AND METHODS
Plant materials and field trials
A total of 251 spring wheat accessions from the Northeast of China (Heilongjiang or Jilin province) were collected for the GWAS of morphological traits (Supplementary Table S1). The diverse panel was grown at the Harbin and Keshan experimental station of the Heilongjiang academy of agricultural science in Heilongjiang province during the 2018–2019 and 2019–2020 cropping seasons. A complete randomized block design with three replicates was employed in field trials. For both Harbin and Keshan experimental stations, each plot comprised four 2.0 m rows spaced 20 cm apart, with 40 seeds in each row. Agronomic management was performed according to local practices.
Phenotyping and statistical analysis for flag leaf length, flag leaf width, uppermost internode length, and plant morphology
Four traits related to morphological were conducted in all four environments, including FLL, FLW, UIL, and PM. For FLL and FLW, 10 random flag leaves in each plot at the mid-grain-fill stage were used to measure FLL and FLW, represented by the distance between the base and the tip, and width at the widest point, respectively. UIL is the mean distance between the stem base and the top of spikes excluding awns and the mean length of the uppermost internode. Ten single plants in each plot were randomly selected at physiological maturity for measuring UIL. BLUE for four traits among four environments was calculated by a one-stage approach using the R package sommer (https://cran.r-project.org/web/packages/sommer/index.html) as [image: image], where [image: image] is the n-dimensional multi-environment phenotypic records, n is the number of multi-environment phenotypic records, [image: image] is an n-dimensional vector of ones, [image: image] is the intercept, [image: image] and [image: image] are the vector of genetic and environment effects, respectively, [image: image] is the vector of genotype-by-environment interaction effects, [image: image] and [image: image] are the design matrices of [image: image] and [image: image], respectively, and[image: image] is the random residuals. [image: image], [image: image], [image: image], and [image: image] were all assumed as random effects following normal distributions.
Genotyping, population structure, and linkage disequilibrium
A total of 3000 polymorphic and evenly distributed markers on 21 chromosomes were used to conduct population structure analysis by Structure v2.3.4 (Pritchard et al., 2000) (http://pritchardlab.stanford.edu/structure.html). Besides, principal component analysis (PCA) and neighbor-jointing (NJ) trees were also estimated using the Tassel v5.0 to validate the results of population structure analysis (Breseghello and Sorrells, 2006). The LD decay analysis was calculated for the whole genomes using the full matrix and sliding window options in Tassel v5.0 (Breseghello and Sorrells, 2006). The results of LD decay, population analysis, PCA, and NJ-tree analysis for the 251 spring wheat accessions have been reported by Li et al. (2021). The multi-environment phenotypic data were analyzed by a one-stage approach as [image: image], where [image: image] is the n-dimensional multi-environment phenotypic records, n is the number of multi-environment phenotypic records, [image: image] is an n-dimensional vector of ones, [image: image] is the intercept, [image: image] and [image: image] are the vector of genetic and environment effects, respectively, [image: image] is the vector of genotype-by-environment interaction effects, [image: image] and [image: image] are the design matrices of [image: image] and [image: image], respectively, and [image: image] is the random residuals. [image: image], [image: image], [image: image], and [image: image] were all assumed as random effects following normal distributions. The heritability was estimated using the entry-mean basis formula [image: image], where [image: image], [image: image], and [image: image] are the variance components of genetic effect, environment effect, and residual, [image: image] and [image: image] are the number of environments and number of replicates per accession in each environment, respectively. The one-stage phenotypic analysis was realized using the R package sommer (https://cran.r-project.org/web/packages/sommer/index.html) in statistical software R. We have added the statistical method in the M&M section. The SNP-based heritability was estimated by the GREML-LDMS method based on GCTA (Yang et al., 2011) (https://yanglab.westlake.edu.cn/software/gcta/) software.
Genome-wide association study and the identification of candidate genes
To eliminate the spurious marker-trait associations (MTAs) caused by environment variation, the mixed linear model (MLM, PCA + K) in Tassel v5.0 (Breseghello and Sorrells, 2006) was used as follows: y = μ + xβ + u + e. Of these, y is the vector of phenotype; µ is the mean; x represents the genotype; β is the effect of the SNP; and u is the random effects. The kinship matrix was treated as a random-effect factor, whereas the PCA was considered as a fixed-effect factor. Both the kinship and PCA matrix were calculated by the software Tassel v5.0. In this study, markers with a -log10 (p-value) ≥ 3.0 were regarded as MTAs. Manhattan plots and Q–Q plots were drawn by the CMplot package (https://cran.r-project.org/web/packages/CMplot/index.html) based on R 3.6.5.
The flanking sequences corresponding to the SNP markers (the SNPs in the LD decay interval) significantly associated with morphological traits were used in BLASTn and BLASTx searches against NCBI (http://www.ncbi.nlm.nih.gov/) databases. Besides, the annotation for IWGSC v2.1 was also used to identify candidate genes. Potential candidate genes were then selected with significant MTAs corresponding to non-synonymous SNPs in the coding region of the genes.
Quantitative real-time PCR (qRT-PCR) was conducted to test expression differences of the candidate genes in the accessions with extreme traits (Supplementary Table S2). The flag leaf used for test FLL and FLW was sampled for RNA extraction during the flag leaf fully drawn out; the stem used for test PM was sampled for RNA extraction during the erecting period; the uppermost internode used for test UIL was sampled for RNA extraction during the heading stage. Total RNA was extracted according to the Trizol method, whereas cDNA was synthesized with the HiScript II 1st Strand cDNA Synthesis Kit (Vazyme, Nanjing, China). The primers were designed with Primer Premier 5.0 software9 (Supplementary Table S3). PCR procedure was conducted in a volume of 20 μl, containing 2 μl cDNA, 0.4 μl of each primer, and a 10 μl ChamQ Universal SYBR qPCR Master Mix. The reaction was conducted in the ABI StepOnePlus Real-Time PCR System with Tower. The gene expression level was analyzed with 2–ΔΔCT method. Actin1 was used as an internal control to normalize the expression levels of different samples. All assays were performed in two independent experiments with three repetitions.
RESULTS
Phenotypic evaluation
Significant and continuous variations of adaptive traits were exhibited in the diverse panel. The BLUE values of FLL, FLW, UIL, and PM (0 means prostrate, one means semi-prostrate, two means erect) were 25.0 cm (19.4–29.0 cm), 14.7 mm (10.8–19.1 mm), 22.3 cm (14.1–33.3 cm), and 2.70 (1.3–3.0). The standard deviation and coefficient of variation of FLL, FLW, UIL, and PM were 7.25 cm (0.29), 2.94 mm (0.20), 5.58 cm (0.25), and 0.59 (0.22). The UIL was negatively correlated with FLW (−0.557, p < 0.001). FLL with FLW, PM and UIL, FLW with PM, and UIL with PM show no significant correlation (Supplementary Table S4). ANOVA showed highly significant effects (p < 0.01) of genotypes, environments, and genotype × environment interactions on all traits (Table 1). The h2 estimates by a one-stage approach for FLL, FLW, UIL, and PM were 0.78, 0.50, 0.93, and 0.79, whereas the SNP-based heritabilities for FLL, FLW, UIL, and PM were 0.77, 0.50, 0.91, and 0.78, respectively, indicating that morphological traits were determined by genetic factors and affected by environment.
TABLE 1 | ANOVA analysis for the morphological traits in 251 spring wheat accessions from the Northeast of China.
[image: Table 1]Genotyping, population structure, and linkage disequilibrium decay analysis
Totally, 52,503 polymorphic SNPs after filtering (MAF <0.05, missing rate >0.1) were conducted for further GWAS (Li et al., 2021). Among the SNP markers, 18323, 18691, and 15489 were from A, B, and D genomes, respectively, with an average marker density of 0.273 Mb per marker. All the 251 spring wheat accessions could be divided into three subgroups, subgroups I, II, and III. Of these, subgroup I contained 126 varieties mainly from Heilongjiang ranging from 1950s to 1980s; subgroup II had 75 varieties mainly from Heilongjiang ranging from 1990s to 2010s; whereas subgroup III comprised 50 varieties mainly from Jilin and foreign counties, including United States, Canada, and Japan. Furthermore, the average LD for the whole genome was 8 Mb according to the LOESS curve (Li et al., 2021).
Genome-wide association study
Thirty loci were detected associated with morphological traits (Table 2; Supplementary Table S5; Figure 1; Supplementary Figure S1). Among these, nine loci for FLL were identified on chromosomes 1, 2, 2A, 2B, 3B, 3D, 5D, 6A, and 7D, and each explained 5.7–9.5% of the phenotypic variances, respectively; seven for FLW were identified on chromosomes 1A (2), 5A, 5A, 5B, 5D, and 7A, and explained 5.1–17.9% of the phenotypic variances, respectively; seven for FLL were identified on chromosomes 2B, 5A, 6A, 6D, 7A, 7B, and 7D and explained 4.8–8.8% of the phenotypic variances, respectively; seven for PM were identified on chromosomes 2B, 2B, 3D, 4A, 5A, 5B, and 6A, and each explained 5.3–12.5% of the phenotypic variances, respectively.
TABLE 2 | Loci for morphological traits in 251 spring wheat accessions from the Northeast of China by association analysis.
[image: Table 2][image: Figure 1]FIGURE 1 | Manhattan and Q–Q plot for morphological traits in 251 spring wheat accessions from the Northeast of China analyzed by the mixed linear model (MLM) in Tassel v5.0. FLL, Flag leaf length; FLW, Flag leaf width; UIL, Uppermost internode length; PM, Plant morphology. The 1, 2, 3, 4, and 5 indicated the Harbin 2018, Harbin 2019, Keshan 2018, Keshan 2019, and the best linear unbiased estimation (BLUE), respectively.
Of these, the locus on chromosome 1A (556.0–577.7 Mb) is an identical locus, which showed effects on FLW and FLL; a locus on chromosome 2B (652.7–664.2 Mb) controlled both the FLL and ST; a locus on chromosome 5D (551.2–562.7 Mb) is the same loci for FLL and FLW. Besides, FLL and UIL have the same locus on chromosome 7D (5.4–8.3 Mb).
Candidate genes
Totally, seven candidate genes for morphological traits were identified (Table 3). Two candidate genes encoded for the E3 ubiquitin-protein ligase-like protein (TraesCS1A01G164400 and TraesCS2B01G466600) were identified in the LD decay of the loci on 1A (296.9–297.7 Mb) and 2B (652.7–656.0 Mb) chromosomes. Another gene encoding a cytokinin riboside 5′-monophosphate phosphoribohydrolase (TraesCS1A01G362500) was identified in the LD decay of the loci on chromosome 1A (556.0–587.4 Mb). For the loci on chromosome 5A (383.4–385.0 Mb and 595.4–597.7 Mb), candidate genes TraesCS5A01G182500 and TraesCS5A01G406800 were identified, which encode the F-box family protein. Besides, the genes TraesCS2B01G123800 and TraesCS4A01G055000 encoding the C2H2 zinc finger and leucine-rich repeat receptor protein kinase were identified as the candidate gene for the loci 2B (91.0–92.6 Mb) and 4A (41.4–46.2 Mb). The qRT-PCR of seven candidate genes showed that TraesCS2B01G466600 and TraesCS5A01G406800 showed no significant differences between the extreme accessions; TraesCS1A01G164400, TraesCS4A01G055000, and TraesCS1A01G362500 showed 1.6–3.2-fold higher expressions among the extreme accessions, whereas TraesCS5A01G182500 and TraesCS2B01G123800 showed more than 1.9–7.6-fold lower expressions among extreme accessions (Supplementary Figure S1).
TABLE 3 | The details for the candidate genes of morphological traits.
[image: Table 3]DISCUSSION
All the 251 spring accessions could be divided into three subgroups (Li et al., 2021), and the characterization of the subgroups was largely consistent with geographic origins, released years, and pedigrees. Most of the cultivars from Heilongjiang ranging from 1950s to 1980s belonged to subgroup-1; the accessions from Heilongjiang ranging from 1990s to 2010s belonged to subgroup-2, whereas subgroup-3 mainly including the accessions from the Jilin and foreign counties (United States, Canada). Population analysis (PCA, NJ-tree, and Kinship) indicated that a significant population structure existed in the 251 spring wheat accessions. The lack of appropriate correction for population structure can lead to spurious MTAs (Zhu et al., 2008). Thus, to eliminate spurious MTAs, an MLM model with subpopulation data (Q) (fixed-effect factors) and kinship matrix (random-effect factor) was conducted. LD decay was influenced by population structure, allele frequency, recombination rate, and selection progresses and significantly affected the precision of association mapping. The LD decay for the whole genome was about 8 Mb, consistent with previous studies (Liu et al., 2017). The number of markers is enough for the subsequent association analysis.
Comparison with the QTL or gene in previous studies
The genes or loci associated with morphological traits were extensively reported previously (Wu et al., 2016; Li et al., 2018; Li et al., 2021). In this study, the association of morphological traits was performed and 30 significant loci were detected.
Several studies for flag leaf-related traits in common wheat have reported. We have identified nine loci for FLL in eight different chromosomes. Li et al. (2020) have identified eight loci for FLL on chromosomes 1A, 2A (2), 2B, 3A, 5A, 6B, and 6D, and each explained 6.9–19.6% of the phenotypic variances. Of these, the loci identified in the 1A and 2A were overlapped with the regions 1A (572.9–577.7 Mb) and 2A (554.6–560.2 Mb) identified in this study. Wu et al. (2016) mapped two FLL QTL on chromosomes 3B and 7D, which is overlapped with the FLL locus (3B: 121.4–129.6 Mb and 7D: 5.4–10.5 Mb) in the present study. Another FLL QTL was previously identified on chromosome 2B linked with the SSR marker barc318 (Liu et al., 2018); it is coincided with the present FLL locus (2B: 652.7–656.0 Mb) based on the consensus linkage map (Maccaferri et al., 2015). These loci on chromosomes 2A (66.3–68.2 Mb), 3D (82.8–94.5 Mb), 5D (551.2–556.2 Mb), and 6A (5.1–17.9 Mb) were potential novel loci. Li et al. (2020) have identified five loci for FLW on chromosomes 1A, 3B, 5B (2), and 6B, accounting for 6.9–11.4% of the phenotypic variances. The locus on chromosome 5B (AX_109519234) was coincided with the locus (5B: 615.7–617.9 Mb) detected in this study. Besides, the locus on chromosome 1A (296.9–297.7 Mb) was also overlapped with the locus on 1A (AX_111540798) identified by Li et al. (2018). Wu et al. (2016) reported a locus for both FLW and flag leaf angle at the position (IWB4576) on chromosome 5A, showing a pleiotropic effect, which coincided with the loci identified in this study (5A: 290.1–299.5 Mb). In conclusion, the loci identified in 1A (556.0–587.4 Mb), 5A (595.4–597.7 Mb), 5D (562.0–562.7 Mb), and 7A (18.8–25.9 Mb) were potentially new.
UIL is important for the construction of plant architecture and influences the yield. Several studies have focused on the genetic basis of UIL. Wu et al. (2016) have identified seven loci for UIL. Li et al. (2020) have identified 12 loci for UIL on chromosomes 1A (2), 1B (2), 3A, 5A, 6B (3), 6D (2), and 7B, with a single locus explaining 6.7–16.4% of the phenotypic variances. Of these, the loci 1A (AX_109449226), 6D (AX_109331000), and 7B (AX_186165710) coincided with 5A (383.4–385.0 Mb), 6D (388.2–407.5 Mb), and 7B (701.1 Mb) identified in this study. Besides, the UIL locus (6D: 388.2–407.5 Mb) is about one LD from the QTL associated with both PH and the third internode length (Cui et al., 2011); they are likely to be the same. Except for the three loci talked above, the remaining four loci (2B: 409.9–439.5 Mb; 6A: 606.6–611.7 Mb; 7A: 496.3–512.9 Mb, and 7D: 8.3 Mb) are all likely to be novel.
Until today, a few studies have been conducted on plant morphology for common wheat. Thus, it is difficult to compare with the present results. Li et al. (2002) centered to the Gli-A2 gliadin locus and associated with a QTL affecting prostrate growth trait on chromosome 6A and nearly with the locus identified in this study in 6A (23.8–24.4 Mb) according to Maccaferri et al., 2015. Liu et al. (2016) have identified a region associated with plant morphology on the 4A chromosome, which maybe coincided with the locus identified in our study (4A: 41.4–46.2 Mb). Although some studies have been focused on the plant habit growth in bread wheat, no marker information was available in order to confirm our results. Thus, we think the loci 2B (91–92.6 Mb, 663.1–664.2 Mb), 3D (602.8–606.7 Mb), 5A (688.9 Mb), and 5B (696.7–697 Mb) were potential be novel.
Among the 30 loci for morphological traits, 13 loci talked above (1A: 572.9–577.7 Mb, 2A: 554.6–560.2 Mb, 2B: 652.7–656.0 Mb, 3B: 121.4–129.6 Mb, 7D: 5.4–10.5 Mb, 1A: 296.9–297.7 Mb, 5A: 290.1–299.5 Mb, 5B: 615.7–617.9 Mb, 5A: 383.4–385.0 Mb, 6D: 388.2–407.5 Mb, 7B: 701.1–701.1 Mb, 4A: 41.4–46.2 Mb, and 6A: 23.8–24.4 Mb) should be the same as the QTL reported in previous studies, whereas the remaining 17 are likely to be new. The stable loci validated by our studies and previous studies indicated that they are widespread and maybe stable in various varieties.
Candidate gene analysis
To identify candidate genes for morphological traits, the flanking sequences of SNP markers (in the LD decay interval and corresponding non-synonymous SNPs in the coding region of the genes) significantly associated with morphological traits were used as queries to BLAST against the NCBI. Totally, seven candidate genes were identified. For loci 1A (296.9–297.7 Mb) and 2B (652.7–656.0 Mb), the candidate genes for the E3 ubiquitin-protein ligase-like protein (TraesCS1A01G164400 and TraesCS2B01G466600) were identified in the LD decay distance. E3 ubiquitin-protein ligase-like protein plays a crucial role in plant growth and development (Karki et al., 2021; Zhang et al., 2022). For loci 4A (41.4–46.2 Mb), candidate gene TraesCS4A01G055000 encoded leucine-rich repeat receptor-like protein kinase family protein, which may trigger multiple physiological pathways (Coleman et al., 2021). For the loci on chromosome 5A (383.4–385.0 Mb and 595.4–597.7 Mb), candidate genes (TraesCS5A01G182500 and TraesCS5A01G406800) for F-box proteins were identified. F-box proteins play crucial roles in cell-cycle progression, transcriptional regulation, flower formation, signal transduction, and many other cellular processes (El-Sharkawy et al., 2021; Guérin et al., 2021). Of these, a cytokinin riboside 5′-monophosphate phosphoribohydrolase (TraesCS1A01G362500) was identified in the LD decay of the loci on chromosome 1A (556.0–587.4 Mb). The cytokinin is a positive regulator of shoot growth (Chen et al., 2021) and response to biotic and abiotic stressors (Ellis et al., 2005; Chen et al., 2022). Besides, the gene TraesCS2B01G123800 was identified as the candidate gene for the loci 2B (91.0–92.6 Mb) and encodes the C2H2 zinc finger, which is important for determining the prostrate/erect plant morphology (Li et al., 2021). The expressions of seven candidate genes showed that TraesCS2B01G466600 and TraesCS5A01G406800 showed no significant differences between the extreme accessions; TraesCS1A01G164400, TraesCS4A01G055000, and TraesCS1A01G362500 showed 1.6–3.2-fold higher expressions among the extreme accessions; whereas TraesCS5A01G182500 and TraesCS2B01G123800 showed more than 1.9- to 7.6-fold lower expressions among extreme accessions. Thus, TraesCS1A01G164400, TraesCS4A01G055000, TraesCS1A01G362500, TraesCS5A01G182500, and TraesCS2B01G123800 are the candidate genes in our study.
Potential implications in wheat breeding
Although conventional breeding has led to improved morphological traits on wheat, selection is time-consuming and not very efficient (He et al., 2010; Rasheed et al., 2016). The SNPs associated with morphological traits identified in this study should facilitate the progresses of MAS and pyramiding favorable alleles will improve morphological traits (Li et al., 2018). Accessions with superior morphological traits and high numbers of favorable alleles (such as Hechun 5, Jichun 158, LongFu 18-171, LongFu 17-5277-12-24 and Longchun 1 with longer FLL; Xinshuguang 4, Dongnong 156597, Kechun 151350, Kenda 163672 and Gang 09-558 with wider FLW; Longmai 17, Kehua, Xiaomaixiaobing 4, Xiaomaixiaobing seven and Yongjie with longer UIL; Kehan 1, Shen 68-71, Mailiduo, Jichun101 and Jichun1 with erect, whereas Beimai6, Lianfeng, Kechun 140865, Beimai one and LongFumai8 with prostrate) could be used as parental lines for the improvement of morphological traits in wheat breeding. The loci with pleiotropic and consistent effects across each environment in this study should be amenable to MAS.
CONCLUSION
We have identified 30 loci for morphological traits in spring wheat accessions by GWAS. Of these, 17 loci were likely to be new. Besides, five candidate genes were identified for morphological traits. The associated markers and varieties with favorable alleles could be used to accelerate the progresses of wheat MAS breeding.
DATA AVAILABILITY STATEMENT
The original contributions presented in the study are included in the article/Supplementary Material; further inquiries can be directed to the corresponding author.
AUTHOR CONTRIBUTIONS
WL and YL designed the research. YL and YS analyzed the physiology data. WL and YL drafted the article. WL, JT, JC, SY, XW, and RZ performed the experiment. HZ and YL revised the article. All authors have read, edited, and approved the current version of the article.
FUNDING
This work was funded by the “Crop Varietal Improvement and Insect Pests Control by Nuclear Radiation.”
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors, and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fgene.2022.934757/full#supplementary-material
SUPPLEMENTARY FIGURE S1 | The qRT-PCR results of the seven candidate genes for the extreme accessions of the 25 spring wheat accessions from the Northeast of China. The extreme accessions of the 25 spring wheat accessions from the Northeast of China were according to Supplementary Table S2.
ABBREVIATIONS
BLUE, Best linear unbiased estimation; FLL, Flag leaf length; FLW, Flag leaf width; PM, Plant morphology; GWAS, Genome-wide association study; hb2, Broad-sense heritability; KASP, Kompetitive allele-specific PCR; LD, Linkage disequilibrium; MAS, Marker-assisted selection; QTL, Quantitative trait loci; R2, Phenotypic variance explained; RIL, Recombinant inbred line; SNP, Single nucleotide polymorphism; UIL, Uppermost internode length.
REFERENCES
 Beyer, S., Daba, S., Tyagi, P., Bockelman, H., Brown-Guedira, G., and Mohammadi, M. (2019). Loci and candidate genes controlling root traits in wheat seedlings-a wheat root GWAS. Funct. Integr. Genomics 19, 91–107. doi:10.1007/s10142-018-0630-z
 Breseghello, F., and Sorrells, M. E. (2006). Association mapping of kernel size and milling quality in wheat (Triticum aestivum L.) cultivars. Genetics 172, 1165–1177. doi:10.1534/genetics.105.044586
 Chen, L., Jameson, G. B., Guo, Y., Song, J., and Jameson, P. E. (2022). The LONELY GUY gene family: From mosses to wheat, the key to the formation of active cytokinins in plants. Plant Biotechnol. J. 20, 625–645. doi:10.1111/pbi.13783
 Chen, L., Zhao, J., Song, J., and Jameson, P. E. (2021). Cytokinin glucosyl transferases, key regulators of cytokinin homeostasis, have potential value for wheat improvement. Plant Biotechnol. J. 19, 878–896. doi:10.1111/pbi.13595
 Coleman, A. D., Maroschek, J., Raasch, L., Takken, F. L., Ranf, S., Hückelhoven, R., et al. (2021). The Arabidopsis leucine‐rich repeat receptor‐like kinase MIK2 is a crucial component of early immune responses to a fungal‐derived elicitor. New Phytol. 229, 3453–3466. doi:10.1111/nph.17122
 Cui, F., Li, J., Ding, A., Zhao, C., Wang, L., Wang, X., et al. (2011). Conditional QTL mapping for plant height with respect to the length of the spike and internode in two mapping populations of wheat. Theor. Appl. Genet. 122, 1517–1536. doi:10.1007/s00122-011-1551-6
 Cui, F., Zhao, C., Ding, A., Li, J., Wang, L., Li, X., et al. (2014). Construction of an integrative linkage map and QTL mapping of grain yield-related traits using three related wheat RIL populations. Theor. Appl. Genet. 127, 659–675. doi:10.1007/s00122-013-2249-8
 El-Sharkawy, I., Ismail, A., Darwish, A., El Kayal, W., Subramanian, J., Sherif, S. M., et al. (2021). Functional characterization of a gibberellin F-box protein, PslSLY1, during plum fruit development. J. Exp. Bot. 72, 371–384. doi:10.1093/jxb/eraa438
 Ellis, M. H., Rebetzke, G. J., Azanza, F., Richards, R. A., and Spielmeyer, W. (2005). Molecular mapping of gibberellin-responsive dwarfing genes in bread wheat. Theor. Appl. Genet. 111, 423–430. doi:10.1007/s00122-005-2008-6
 Gao, F., Ma, D., Yin, G., Rasheed, A., Dong, Y., Xiao, Y., et al. (2017). Genetic progress in grain yield and physiological traits in Chinese wheat cultivars of Southern Yellow and Huai Valley since 1950. Crop Sci. 57, 760–773. doi:10.2135/cropsci2016.05.0362
 Gao, F., Wen, W., Liu, J., Rasheed, A., Yin, G., Xia, X., et al. (2015). Genome-wide linkage mapping of QTL for yield components, plant height and yield-related physiological traits in the Chinese wheat cross Zhou 8425B/Chinese Spring. Front. Plant Sci. 6, 1099. doi:10.3389/fpls.2015.01099
 Guérin, C., Mouzeyar, S., and Roche, J. (2021). The landscape of the genomic distribution and the expression of the F-Box genes unveil genome plasticity in hexaploid wheat during grain development and in response to heat and drought stress. Int. J. Mol. Sci. 22, 3111. doi:10.3390/ijms22063111
 He, Z. H., Xia, X. C., and Bonjean, A. P. A. (2010). Wheat improvement in China. Mexico: CIMMYT, 51–68. 
 Karki, S. J., Reilly, A., Zhou, B., Mascarello, M., Burke, J., Doohan, F., et al. (2021). A small secreted protein from Zymoseptoria tritici interacts with a wheat E3 ubiquitin ligase to promote disease. J. Exp. Bot. 72, 733–746. doi:10.1093/jxb/eraa489
 Li, F., Wen, W., He, Z., Liu, J., Jin, H., Cao, S., et al. (2018). Genome-wide linkage mapping of yield related traits in three Chinese bread wheat populations using high-density SNP markers. Theor. Appl. Genet. 131, 1903–1924. doi:10.1007/s00122-018-3122-6
 Li, F., Wen, W., Liu, J., Zhang, Y., Cao, S., He, Z., et al. (2019). Genetic architecture of grain yield in bread wheat based on genome-wide association studies. BMC Plant Biol. 19, 168. doi:10.1186/s12870-019-1781-3
 Li, W. L., Nelson, J. C., Chu, C. Y., Shi, L. H., Huang, S. H., Liu, D. J., et al. (2002). Chromosomal locations and genetic relationships of tiller and spike characters in wheat. Euphytica 125, 357–366. doi:10.1023/a:1016069809977
 Li, Y., Sun, A., Wu, Q., Zou, X., Chen, F., Cai, R., et al. (2021). Comprehensive genomic survey, structural classification and expression analysis of C2H2-type zinc finger factor in wheat (Triticum aestivum L.)BMC Plant Biol. 21, 380. doi:10.1186/s12870-021-03016-3
 Liu, J., He, Z., Wu, L., Bai, B., Wen, W., Xie, C., et al. (2016a). Genome-wide linkage mapping of QTL for black point reaction in bread wheat (Triticum aestivum L.)Theor. Appl. Genet. 129, 2179–2190. doi:10.1007/s00122-016-2766-3
 Liu, X., Huang, M., Fan, B., Buckler, E. S., and Zhang, Z. (2016b). Iterative usage of fixed and random effect models for powerful and efficient genome-wide association studies. PLoS Genet. 12, e1005767. doi:10.1371/journal.pgen.1005767
 Liu, J., He, Z., Rasheed, A., Wen, W., Yan, J., Zhang, P., et al. (2017). Genome-Wide Association Mapping of Black Point Reaction in Common Wheat (Triticum aestivum L.. BMC Plant Bio. 17, 1–12.
 Liu, J., Rasheed, A., He, Z., Imtiaz, M., Arif, A., Mahmood, T., et al. (2019). Genome-Wide Variation Patterns Between Landraces and Cultivars Uncover Divergent Selection During Modern Wheat Breeding. Theor. Appl. Genet. 132, 2509–2523.
 Lozada, D. N., Mason, R. E., Sarinelli, J. M., and Brown-Guedira, G. (2019). Accuracy of genomic selection for grain yield and agronomic traits in soft red winter wheat. BMC Genet. 20, 82. doi:10.1186/s12863-019-0785-1
 Nadolska-Orczyk, A., Rajchel, I. K., Orczyk, W., and Gasparis, S. (2017). Major Genes Determining Yield-Related Traits in Wheat and Barley. Theor. Appl. Genet. 130, 1081–1098.
 Pang, Y., Liu, C., Wang, D., Amand, P. S., Bernardo, A., Li, W., et al. (2020). High-resolution genome-wide association study identifies genomic regions and candidate genes for important agronomic traits in wheat. Mol. Plant 13, 1311–1327. doi:10.1016/j.molp.2020.07.008
 Pritchard, J. K., Stephens, M., Rosenberg, N. A., and Donnelly, P. (2000). Association mapping in structured populations. Am. J. Hum. Genet. 67, 170–181. doi:10.1086/302959
 Quan, X., Dong, L. J., Zhang, N., Xie, C., Li, H., Xia, X., et al. (2021). Genome-wide association study uncover the genetic architecture of salt tolerance-related traits in common wheat (Triticum aestivum L.)Front. Genet. 12, 663941. doi:10.3389/fgene.2021.663941
 Rahimi, Y., Bihamta, M. R., Taleei, A., Alipour, H., and Ingvarsson, P. K. (2019). Genome-wide association study of agronomic traits in bread wheat reveals novel putative alleles for future breeding programs. BMC Plant Biol. 19 (1), 541. doi:10.1186/s12870-019-2165-4
 Rasheed, A., Wen, W., Gao, F., Zhai, S., Jin, H., Liu, J., et al. (2016). Development and validation of KASP assays for genes underpinning key economic traits in bread wheat. Theor. Appl. Genet. 129, 1843–1860. doi:10.1007/s00122-016-2743-x
 Sun, C. W., Zhang, F. Y., Yan, X. F., Zhang, X. F., Dong, Z. D., Cui, D. Q., et al. (2017). Genome-wide association study for 13 agronomic traits reveals distribution of superior alleles in bread wheat from the Yellow and Huai Valley of China. Plant Biotechnol. J. 15, 953–969. doi:10.1111/pbi.12690
 Valluru, R., Reynolds, M. P., Davies, W. J., and Sukumaran, S. (2017). Phenotypic and genome-wide association analysis of spike ethylene in diverse wheat genotypes under heat stress. New Phytol. 214, 271–283. doi:10.1111/nph.14367
 Wang, J., Wang, R., Mao, X., Zhang, J., Liu, Y., Xie, Q., et al. (2020). RING finger ubiquitin E3 ligase gene TaSDIR1-4A contributes to determination of grain size in common wheat. J. Exp. Bot. 71, 5377–5388. doi:10.1093/jxb/eraa271
 Wang, S. C., Wong, D., Forrest, K., Allen, A., Chao, S., Huang, B. E., et al. (2014). Characterization of polyploid wheat genomic diversity using a high-density 90000 single nucleotide polymorphism array. Plant Biotechnol. J. 12, 787–796. doi:10.1111/pbi.12183
 Wang, Y., Hou, J., Liu, H., Li, T., Wang, K., Hao, C., et al. (2019). TaBT1, affecting starch synthesis and thousand kernel weight, underwent strong selection during wheat improvement. J. Exp. Bot. 70, 1497–1511. doi:10.1093/jxb/erz032
 Würschum, T., Leiser, W. L., Langer, S. M., Tucker, M. R., and Longin, C. F. H. (2018). Phenotypic and Genetic Analysis of Spike and Kernel Characteristics in Wheat Reveals Long-Term Genetic Trends of Grain Yield Components. Theor. Appl. Genet. 131, 2071–2084.
 Xu, X. P., Ping, H., Chuan, L. M., Liu, X. Y., Liu, Y. X., Zhang, J. J., et al. (2021). Regional distribution of wheat yield and chemical fertilizer requirements in China. J. Integr. Agric. 20, 2772–2780. doi:10.1016/s2095-3119(20)63338-x
 Yang, J. A., Lee, S. H., Goddard, M. E., and Visscher, P. M. (2011). Gcta: A tool for genome-wide complex trait analysis. Am. J. Hum. Genet. 88, 76–82. doi:10.1016/j.ajhg.2010.11.011
 Zhang, D., Zhang, X., Xu, W., Hu, T., Ma, J., Zhang, Y., et al. (2022). TaGW2L, a GW2-like RING finger E3 ligase, positively regulates heading date in common wheat (Triticum aestivum L.)Crop J. doi.org/doi:10.1016/j.cj.2021.12.002
 Zhu, C., Gore, M., Buckler, E. S., and Yu, J. (2008). Status and prospects of association mapping in plants. Plant Genome 1, plantgenome2008.02.0089. doi:10.3835/plantgenome2008.02.0089
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 © 2022 Liu, Li, Sun, Tang, Che, Yang, Wang, Zhang and Zhang. 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.
		ORIGINAL RESEARCH
published: 12 September 2022
doi: 10.3389/fgene.2022.972557


[image: image2]
G × EBLUP: A novel method for exploring genotype by environment interactions and genomic prediction
Hailiang Song1†, Xue Wang2†, Yi Guo2 and Xiangdong Ding2*
1Beijing Key Laboratory of Fisheries Biotechnology, Fisheries Science Institute, Beijing Academy of Agriculture and Forestry Sciences, Beijing, China
2Key Laboratory of Animal Genetics and Breeding of the Ministry of Agriculture and Rural Affairs, National Engineering Laboratory for Animal Breeding, College of Animal Science and Technology, China Agricultural University, Beijing, China
Edited by:
Li Ma, University of Maryland, United States
Reviewed by:
Rostam Abdollahi, Aviagen, United Kingdom
Hailan Liu, Maize Research Institute of Sichuan Agricultural University, China
* Correspondence: Xiangdong Ding, xding@cau.edu.cn, orcid.org/0000000226842551
†These authors have contributed equally to this work
Specialty section: This article was submitted to Livestock Genomics, a section of the journal Frontiers in Genetics
Received: 18 June 2022
Accepted: 01 August 2022
Published: 12 September 2022
Citation: Song H, Wang X, Guo Y and Ding X (2022) G × EBLUP: A novel method for exploring genotype by environment interactions and genomic prediction. Front. Genet. 13:972557. doi: 10.3389/fgene.2022.972557

Genotype by environment (G × E) interaction is fundamental in the biology of complex traits and diseases. However, most of the existing methods for genomic prediction tend to ignore G × E interaction (GEI). In this study, we proposed the genomic prediction method G × EBLUP by considering GEI. Meanwhile, G × EBLUP can also detect the genome-wide single nucleotide polymorphisms (SNPs) subject to GEI. Using comprehensive simulations and analysis of real data from pigs and maize, we showed that G × EBLUP achieved higher efficiency in mapping GEI SNPs and higher prediction accuracy than the existing methods, and its superiority was more obvious when the GEI variance was large. For pig and maize real data, compared with GBLUP, G × EBLUP showed improvement by 3% in the prediction accuracy for backfat thickness, while our findings indicated that the trait of days to 100 kg of pig was not affected by GEI and G × EBLUP did not improve the accuracy of genomic prediction for the trait. A significant advantage was observed for G × EBLUP in maize; the prediction accuracy was improved by ∼5.0 and 7.7% for grain weight and water content, respectively. Furthermore, G × EBLUP was not influenced by the number of environment levels. It could determine a favourable environment using SNP Bayes factors for each environment, implying that it is a robust and useful method for market-specific animal and plant breeding. We proposed G × EBLUP, a novel method for the estimation of genomic breeding value by considering GEI. This method identified the genome-wide SNPs that were susceptible to GEI and yielded higher genomic prediction accuracies and lower mean squared error compared with the GBLUP method.
Keywords: G × E interaction, snps, bayes factors, traits, genomic prediction
INTRODUCTION
Genomic selection (GS) (Meuwissen et al., 2001), which relies on linkage disequilibrium between single nucleotide polymorphisms (SNPs) and causative variants, has become a useful tool in animal (VanRaden et al., 2009) and plant (Zhong et al., 2009) breeding. However, GS analytical modelling usually assumes no G × E interaction (GEI) and opposes the true genetic architecture of complex traits. In fact, interaction is fundamental in biology, and there is growing interest in estimating breeding value by considering GEI and using genome-wide SNPs.
The current state-of-the-art methods for the estimation of genomic breeding value without considering GEI include GBLUP (VanRaden, 2008) and Bayes-Alphabet (e.g., Bayes A, Bayes B and Bayes C) (Habier et al., 2011). Multi-trait (Richard, 1996) and reaction norm models (Rebecka et al., 2002) are the two prevalent GEI-handling methods that are used for genomic evaluations. However, the multi-trait model could only capture GEI in a limited number of environments, and the computational demands of multi-trait models would increase rapidly with an increase in the number of environment levels (Song et al., 2020a). The reaction norm model captures only part of the GEI because it needs to accommodate a continuous range of environmental values and cannot select excellent individuals using the unique estimated breeding value in actual breeding (Jarquin et al., 2014; Song et al., 2020b).
To explore GEI, certain G × E interaction-affected methods have been proposed for detecting SNPs. Wang et al. (2019) proposed several methods (Bartlett, F-Killeen, L-mean and L-median) that can be used to infer GEI from variance quantitative trait locus (vQTL) analysis without requiring environmental factor measurements. Moore et al. (2019) proposed StructLMM, which is useful for studying interactions with hundreds of environment variables. Moreover, Kerin and Marchini. (2020) proposed LEMMA, which infers GEI using a Bayesian whole-genome regression model. However, in Wang’s method, GEI-affected SNP detection is possible because of selection, epistasis and phantom vQTL, instead of only GEI (Wang et al., 2019). StructLMM and LEMMA do not currently enable accounting for relatedness, and these methods cannot be efficiently applied to livestock and plant breeding due to the close genetic relationships that widely exists between individuals (Kerin et al., 2020; Moore et al., 2019). Therefore, it is essential to develop new methods for the estimation of genomic breeding value by considering GEI.
In this study, we proposed a novel approach for the estimation of genomic breeding value by considering GEI, which can handle environment variables in different dimensions. The basic principle of the new approach was to first detect the genome-wide markers affected by GEI (G × EWAS), in which a score-test statistics was implemented to identify the significant GEI-associated SNPs. Next, all markers were classified into SNPs with/without GEI to construct the genomic relationship matrices separately and predict the genomic breeding value using the mixed model (G × EBLUP). For its general application, the efficiency of the proposed method was evaluated through simulation study and real data from pigs and maize.
METHODS
Ethics statement
The animal study was reviewed and approved by Animal handling and sample collection were conducted according to protocols approved by the Institutional Animal Care and Use Committee (IACUC) at China Agricultural University. All authors strictly complied with the Regulations on the Administration of Laboratory Animals (Order No. 2 of the State Science and Technology Commission of the People’s Republic of China, 1988). There was no use of human participants, data or tissues.
G × EWAS
G × EWAS extends the conventional linear mixed model by including an additional per-individual effect term accounting for G × E, which can be represented as N [image: image] 1 vector, [image: image]. The model was defined as follows:
[image: image]
where y is the vector of observed phenotypic values; [image: image] is the vector of fixed effects; [image: image] is the average effect of gene substitution of a particular SNP; and [image: image] is the vector of the genotype indicator variable of the variant coded as 0, 1 or 2. [image: image], where [image: image] denotes the element-wise (Hadamard) product and [image: image] denotes the [image: image]diagonal matrix whose diagonal is [image: image].The per-individual effect size vector [image: image] is defined as a random effect, following the multivariate normal distribution [image: image], where [image: image], is the variance and covariance matrix of the G × E effect, [image: image] parameterises how per-individual effects covary across individuals and is calculated as a function of observed environment variables. [image: image], where [image: image] is the [image: image] matrix of L observed environments. The linear covariance function ([image: image]) was primarily used because of two appealing properties. First, as the number of samples typically exceeds the number of environments in larger populations (L << N), a low-rank linear covariance is noted, which enables parameter inference with a computational complexity that scales linearly with the increasing population size. Second, a linear covariance is directly interpretable as there is one-to-one correspondence between G × EWAS and linear regression using L covariates to account for GEI. Notably, for the special case of [image: image], the model G × EWAS reduces to a standard linear mixed model for genome-wide association study; thus, G × EWAS is a single-SNP regression model; [image: image] is the vector of random polygenic effects with a normal distribution [image: image], in which [image: image] is the polygenic variance and [image: image] is the genomic relationship matrix. It was constructed using the markers according to VanRaden (2008); [image: image] is the incidence matrix linking [image: image] to y; [image: image] is the vector of random errors with normal distribution of N (0, I [image: image]), where [image: image] is the residual variance and [image: image] is the identity matrix. The analysis of G × EWAS was based only on the reference data to avoid the double counting of the SNP effect in genomic prediction.
For the parameter inference, we considered the marginalised form of the model in Eq. 1, which was obtained by integrating over the G × E effects [image: image] and the random effect component [image: image] :
[image: image]
Using the marginalised model in Eq. 2, a G × E interaction test corresponds to the alternative hypothesis [image: image]. We defined an efficient score-based test that enabled the p-value calculation with a complexity that scaled linearly with the number of individuals, provided that there is low-rank environment covariance [image: image]. The null model of the interaction test reduced to a standard linear mixed model with a low-rank covariance matrix for additive genetic effects, and the existing efficient inference strategies for the standard linear mixed model can be reused. The score-test statistics can be computed in an analogous manner according to the procedure described by Wu et al. (2011):
[image: image]
Where
[image: image]
[image: image]
[image: image]
The matrix [image: image] denotes the total covariance matrix estimated under the null model [image: image] =[image: image] + [image: image] Q follows a mixture of [image: image] distributions (Wu et al., 2011; Lippert et al., 2014): [image: image], where the vector of the coefficients [image: image] can be computed as the eigenvalues of [image: image]. According to the procedure in SKAT (Wu et al., 2011), as the distribution of the score-test statistics was a mixture of [image: image], the p-values were computed using the Davies method (Davies, 1980). Alternatively, the Liu method (Huan et al., 2008) was employed when the Davies method failed to converge.
The evidences for individual environment variables or environment sets for driving the observed G × E effects can be assessed by comparing the model log marginal likelihoods between models with and without including these environments. The Bayes factors (BF) obtained from such comparisons is directly calibrated as the parameter number fitted using maximum likelihood and is independent of the environment variable numbers.
Given a variant and set of L environment L = ([image: image]),
[image: image]
where LML(L) and LML([image: image]) represent the marginal log-likelihood of the model described in Eq. 2, either considering the full or reduced environment sets to define the G × E environment covariance, respectively. log(BF) < 0 indicates the lack of contribution of the environmental impact on G × E interaction, whereas log(BF) > 3 indicates strong G × E environment interaction (Kass and Raftery., 1995).
G × EBLUP
The G × EBLUP model includes additive genetic and GEI effects. The model is as follows:
[image: image]
where [image: image], [image: image], [image: image] and [image: image] denote the same parameters as in the G × EWAS model, [image: image] is the vector of genomic values captured by genetic markers associated with GEI, following a normal distribution of [image: image]); [image: image] is the vector of genomic values captured by the remaining genetic marker sets (SNPs that are not significantly associated with GEI), following a normal distribution [image: image]) and [image: image] is an incidence matrix that links [image: image] and [image: image] to [image: image]. Matrices [image: image] and [image: image] were constructed similarly as [image: image]; the former was constructed using only the genetic marker set defined by GEI, as described below, and the latter was constructed using the remaining markers. [image: image] and [image: image] are the variance components explained by the variants with and without GEI, respectively. When an SNP was significant the GEI with phenotypes based on the prespecified significance cutoff level (E01-E05), showing the SNP was considered to impact the GEI.
Data simulation
So far, only few genomic data simulating softwares considering GEI have been available. In this study, we proposed a reaction norm model accounting for heterogeneous residual variances to simulate phenotypic and environmental values.
[image: image]
where [image: image] is the vector of phenotypic value, [image: image] is the vector of environmental value; [image: image] and [image: image] are the random additive genetic effects for the intercept and slope, respectively; and [image: image] and [image: image] are the random residual effects for the intercept and slope, respectively.
The environmental value [image: image] is further divided into two components:
[image: image]
where [image: image] is the vector of the random genetic effect and [image: image] is the vector of the random residual effect.
We assumed that [image: image], [image: image] and [image: image] are affected by all QTLs simultaneously, and these three effects of each QTL are drawn from a multivariate normal distribution with the vector of means 0 and the variance–covariance structure [image: image]. The genetic variance of each QTL is computed using 2 [image: image], where [image: image]is the frequency of one allele of ith QTL, [image: image] is the effect of the ith QTL for [image: image] , [image: image] or [image: image]. Then, the substitution effects are rescaled to ensure the total variances [image: image], [image: image] and [image: image] for [image: image], [image: image] and [image: image], respectively. The [image: image], [image: image] and [image: image] are re-calculated using the scaled substitution effects of QTL. The [image: image] , [image: image] and [image: image] values of each individual are sampled from a multivariate normal distribution with the vector of means 0 and the variance–covariance structure [image: image].
For the G × E interaction simulations, the parameter [image: image] was set to control the extent of the G × E interaction, whereas other parameters ([image: image], [image: image], [image: image], [image: image], [image: image], [image: image], [image: image], [image: image] , [image: image] , [image: image] and [image: image]) were fixed. The pseudo true breeding values (TBVs) of an individual for [image: image] , [image: image] and [image: image] are its QTL effects multiplied by genotypes, followed by the scaling of the means of the pseudo TBVs to 0. Finally, the environmental valuec of each individual is obtained by adding the cumulative effect across all QTLs for [image: image] with the residual [image: image], followed by the generation of the phenotype [image: image] of each individual through the model [image: image], without accounting for heterogeneous residual variance. For the simulated data, [image: image] was used as the environment variable E, as described in formula (1). The real genotypes of 7,334 individuals determined using the Illumina BovineSNP50 BeadChip from the Chinese Holstein population were referred for phenotype and environment simulation, and 45,323 SNPs remained after imputation of missing genotypes and removal of SNPs with a minor allele frequency (MAF) of <0.01. Additional File 3 Supplementary Figure S1 presents the heat map of the genomic relationship matrix of 7,334 Chinese Holsteins. Three simulated datasets with GEI effect variances of 0.25, 1 and 2 were obtained, and the corresponding phenotypic variances were 2.25, 3 and 4, respectively. Additionally, when the GEI effect variance was 0.25, the datasets 2 and 3 covariate environments were simulated and compared. For each dataset, 306 SNPs that affected the trait of interest were simulated and referred to as simulated QTLs in this study. For each scenario, the simulation was repeated 20 times. We used the DMU software (Madsen et al., 2006) to estimate the variances of the additive effect, GEI effect and residual using the reaction norm model for each replicate. As shown in Additional File 2 Supplementary Table S1, these estimated values were close to the assigned values. Moreover, a dataset was randomly selected from the 20 repeated datasets, and 6 SNPs with GEI were randomly selected from this dataset, showing that the phenotypic variation was largely affected by GEI and that it was relatively small in the scenarios with no GEI (Additional File 3: Supplementary Figures S2–S6), thus implying that the simulation fitted well. All analyses with G × EBLUP and GBLUP models and simulation were conducted using in-house scripts written in Python3.8 by the first author.
Real data
Pig data
Yorkshire pigs were sampled from a breeding company with five breeding farms distributed across China (Additional File 3: Supplementary Figure S7). Different farms displayed distinct climates, housing systems, nutritional regimes, disease pressures and stocking densities, potentially leading to GEI. Table 1 presents the phenotype data. We examined two growth traits ‘days to 100 kg (AGE)’ and ‘backfat thickness adjusted to 100 kg (BFT)’. Genotyping was performed using the PorcineSNP80 BeadChip (Illumina, CA, USA), which included 68,528 SNPs across the entire pig genome. A total of 1,778 animals born between 2011 and 2016 were genotyped (Table 1).
TABLE 1 | Descriptive statistics for pig and maize population traits.
[image: Table 1]Pig data
Maize is one of the most important crops worldwide. It provides food for humans and animals; it is a raw material for industrial processes and a model plant for understanding evolution, domestication and heterosis (Romay et al., 2013). Thus, maize data from 11 regions across China (Additional File 3: Supplementary Figure S7) were obtained to verify G × EBLUP, with the regions used as environment variables. Because of varying conditions of light, temperature, air, water and soil in different regions, under which GEI could show its effect, region effect was considered as an environmental covariate in the present study. A total of 681 maize lines were collected and each line had phenotype records of two traits, grain weight (GW) and water content (WC), in 1–8 environments. Overall, 2,676 observations were collected for the two traits. Table 1 lists the detailed information on GW and WC. Meanwhile, all lines were genotyped using the customised SNP panel of 61,224 markers across the maize genome.
For real pig and maize data, Beagle 4.1 (Browning and Browning, 2009) was used for the imputation of the missing SNP genotypes, and only loci on autosomes were used for further analysis. PLINK software (v1.90) (Chang et al., 2015) was implemented for quality control. We excluded SNPs with a MAF of <0.05, call rate of <0.90, or those severely deviating from the Hardy–Weinberg equilibrium (HWE) (p < 10–7). Similarly, we excluded the pig individuals or maize samples with a call rate of <0.90. Finally, 56,463 and 59,401 SNPs were present in the pig and maize data, respectively, and all genotyped pigs and maize were retained.
Method application
Application to simulated data
Simulated data analysis was performed using G × EWAS proposed in this study to identify markers associated with GEI. We used Bonferroni correction at a significance level of 0.05 to identify significant SNPs. We implemented the four methods (L-median, L-mean, Bartlett and F-Killeen) proposed by Wang et al. (2019) in addition to StructLMM proposed by Moore et al. (2019) to identify SNPs affected by GEI. Based on the G × EWAS results, we performed genomic prediction on each simulated dataset using G × EBLUP. To investigate more SNPs with GEI, p-value gradients of 1-E01–1-E05 were chosen as threshold standards to select the SNPs associated with GEI. Five 10-fold cross-validation (10-CV) repetitions were used to assess the genomic prediction using G × EBLUP. In each cross-validation, the reference and validation populations comprised 6,601 and 733 individuals, respectively. The accuracy of genomic prediction was calculated as the Pearson’s correlation between original phenotypes Phe and the genomic estimated breeding values (GEBVs) of all validation individuals r(Phe, GEBV). Moreover, the mean squared error (MSE) of the prediction ability matrix was used to evaluate the performance of the models; MSE was computed as the average square of the difference between Phe and GEBV centred on zero. In each scenario, we performed the comparisons between G × EBLUP and GBLUP (VanRaden, 2008) at different GEI variances (0.25, 1 and 2) and different number of environment variables (1, 2 and 3).
Application to real data
Pig data were used to detect the SNPs affected by GEI. The herd-year-season effects, estimated using the conventional pedigree-based BLUP method, were used as environmental covariates, and the corrected phenotype were used as response variables. The calculations for the corrected phenotype value followed the method described by Song et al. (2017). Overall, 207 young and the remaining 1,571 individuals were considered as the validation and reference populations, respectively. For the maize data, an environment was randomly selected for each line to ensure that all lines could be used for analysis. Accordingly, we used 681 lines for each analysis and performed five replications of 5-fold cross-validation.
For the G × EBLUP method, the p-values for all markers were calculated using G × EWAS, and a threshold standard with p-value gradients of 1-E01–1-E05 was selected to screen the GEI-associated SNPs. The GBLUP and G × EBLUP methods were then used to estimate GEBVs. The genomic prediction accuracy on the real data was evaluated differently than that on the simulated data, using the correlation between GEBVs and the phenotypic values y (maize data) or corrected phenotypes yc (pig data) in the validation population. MSE was computed as the average square of the difference between y or yc and GEBVs centred on zero. The BF for each environment variable was calculated to obtain the sensitive environments of markers associated with GEI. For simulated data and real data, the improvement in prediction accuracy for G × EBLUP over GBLUP was calculated by subtracting the prediction accuracy obtained by GBLUP from the prediction accuracy obtained by G × EBLUP and then dividing by the prediction accuracy obtained by GBLUP.
RESULTS
Genome-wide G × E association analysis
Simulated data
Table 2 indicates that G × EWAS performed better than the other methods. When the GEI variance was 0.25, G × EWAS detected 2,435 significant SNPs with Bonferroni correction (0.05/45,293). Of these SNPs, 43 overlapped with the 306 simulated GEI SNPs. Although a low number of SNPs (41) overlapped with the simulated GEI SNPs, StructLMM detected a high number of significant SNPs (2,472). Similarly, G × EWAS detected a higher number of significant SNPs than those detected using the Bartlett, F-Killeen, L-mean and L-median methods, which identified 507, 101, 224 and 188 significant SNPs, respectively. Further, 9, 6, 6 and 6 SNPs overlapped with the simulated GEI QTLs, respectively. A similar trend was also observed in the scenario where GEI variance increased to 1 or 2. Larger GEI effect variances led to the identification of a higher number of real QTLs with GEI (with the exception of the F-Killeen method), as shown in Table 2 and Additional File 3 Supplementary Figures S8–S10.
TABLE 2 | Significant G × E interaction single nucleotide polymorphisms (SNPs) detected on simulated data using the proposed G × EWAS method and the five approaches, StructLMM, Bartlett, F-Killeen, L-mean and L-median under different variance of G × E interactions. The SNP numbers overlapping with simulated genotype–environment interaction quantitative trait locus (306) are in parentheses.
[image: Table 2]Pig and maize data
Figure 1 illustrates the genome-wide G × E marker mapping on pig and maize data. Figure 1 shows that a total of 1,164 and 5,448 significant SNPs were detected in pigs for AGE and BFT traits with Bonferroni correction (0.05/56,445), respectively. For maize data, only 1 and 84 genome-wide significant SNPs were detected for the two traits, GW and WC, respectively. Additionally, the genotypic values and SNP effect values of the top most significant SNPs for each trait at different environments in pig and maize populations indicated that BFT, GW and WC were affected by the environment; however, no GEI was detected on AGE (Additional File 3: Supplementary Figures S11, S12).
[image: Figure 1]FIGURE 1 | G × E marker genome-wide association analysis of pig and maize population traits. AGE: days to 100 kg; BFT: backfat thickness adjusted to 100 kg; GW: grain weight; WC: water content.
Accuracy and mean squared error of genomic prediction
Simulated data
The significance level was set at the p-value gradient of 1-E01–1-E05 to determine SNPs associated with GEI. Table 3 presents the number of SNPs affected by GEI. These SNPs along with the corresponding remaining SNPs were used in G × EBLUP. All 45,323 qualified SNPs were used in GBLUP. The genomic prediction accuracy and MSE of the simulated data were determined from a randomly selected replicate. Table 3 shows that the G × EBLUP accuracy was different under different p-values. G × EBLUP showed the highest genomic prediction accuracy and the lowest MSE with a p-value of 1-E03. Further, the prediction accuracy of G × EBLUP improved by 1.7% compared with that of GBLUP. Figure 2 shows the averaged accuracies and MSE of genomic prediction obtained using G × EBLUP and GBLUP under different GEI variances. For G × EBLUP, the average prediction accuracy was calculated by selecting the highest prediction accuracy values under different p-values in each repetition. When the GEI variance was 0.25, the G × EBLUP yielded 1.7% higher prediction accuracies than GBLUP. Moreover, G × EBLUP yielded lower MSE than GBLUP, with average MSE values of 1.816 and 1.942, respectively. G × EBLUP performed significantly better than GBLUP when the GEI variance was increased to 1 and 2, yielding 3.9 and 6.4% higher prediction accuracies, respectively, and a lower MSE than GBLUP.
TABLE 3 | Genomic prediction accuracies and mean squared error (MSE) for GBLUP and G × EBLUP method under different G × E interaction p-values (E01∼E05).
[image: Table 3][image: Figure 2]FIGURE 2 | GBLUP and G × EBLUP method for the (A) accuracy and (B) mean squared error (MSE) of genomic prediction under different G × E interaction variances. Genomic prediction (C) accuracy and (D) MSE under different numbers of environment variables.
Figure 2 also shows how the number of the environment variables influences the genomic prediction. In the scenario with a GEI variance of 0.25, when the number of environment variables was 1, 2 and 3, no significant differences were noted in the prediction accuracy and MSE among the number of different environment variables for G × EBLUP. Additionally, in all scenarios, G × EBLUP yielded 1.8% higher accuracies and a 12.4% lower MSE than GBLUP, confirming that G × EBLUP performed better.
Pig and maize data
Figure 3 and Table 3 present the accuracy and MSE of genomic prediction on pig and maize data. According to the results of G × EWAS regarding AGE trait in pigs, 27,762; 14,117; 7,420; 3964 and 2,117 SNPs were selected as G × E markers in G × EBLUP, and the accuracies of G × EBLUP under different G × E markers (1-E01–1-E05) were not significantly different. The average prediction accuracy obtained using G × EBLUP was 0.225, which was same as that obtained using GBLUP. Moreover, no differences were noted in the MSE between G × EBLUP and GBLUP. These findings indicated that AGE was not affected by GEI. However, for BFT, G × EBLUP showed the best performance at the p-value of 1-E02, the prediction accuracy was improved by 3% compared with that of GBLUP, and the MSE was reduced by 0.107, decreasing from 2.707 to 2.600.
[image: Figure 3]FIGURE 3 | GBLUP and G × EBLUP method for the (A,C) accuracy and (B,D) mean squared error (MSE) of genomic prediction in pigs and maize. AGE: days to 100 kg; BFT: backfat thickness adjusted to 100 kg; GW: grain weight; WC: water content. MSE is a relative value by assuming that the MSE of GBLUP method is equal to 0 because of the large MSE value.
Compared with pig data, the genomic prediction of G × EBLUP showed considerable improvement in maize data. As shown in Table 3, for the trait GW from a randomly selected replicate, G × EBLUP showed the best performance at the p-value of 1-E02, the genomic prediction accuracy was improved by 6.25% compared with that of GBLUP, and MSE was reduced from 46.323 to 46.174. For the trait WC from a randomly selected replicate, the highest prediction accuracy of G × EBLUP was obtained at the p-value of 1-E03, the prediction accuracy was improved by 7.8% compared with that of GBLUP, and MSE was reduced from 721.588 to 720.854. The average prediction accuracy of 5 repetitions of 10-fold CV for GBLUP and G × EBLUP are shown in Figure 3, G × EBLUP showed approximately 5.0 and 7.7% improvement in prediction accuracy for GW and WC in maize population, respectively. Moreover, G × EBLUP also showed a lower prediction MSE than GBLUP, which further verified the advantages of G × EBLUP.
Sensitive environment detection in real data
The BF for each environmental factor was obtained, and then the sensitive environments were assessed accordingly. In pig population, for AGE and BFT, 10 SNPs each with the smallest p-values were selected for sensitive environmental detection. As shown in Figure 4, for AGE, the top 10 SNPs regarding season showed the largest BF, indicating that the most sensitive environmental factor for the top 10 SNPs was season. Similarly, the least sensitive environmental factors for SNPs were farm and year, as the values of BF of farm and year were equally low. For BFT, the most sensitive environmental factors for all SNPs were farm and season, and their BF values were also same; year was the least sensitive environmental factor (Figure 4). In maize population, as shown in Figure 4, the averaged log BF values indicated that the region environment variable has a strong GEI (Log(BF) > 3) with WC and GW. Additionally, the BF values of WC were higher than that of GW, which was also consistent with the superiority of genomic prediction of WC (Figure 3).
[image: Figure 4]FIGURE 4 | Bayes factors of 10 single nucleotide polymorphisms for (A) AGE, (B) BFT, (C) GW and (D) WC in different environmental factors. AGE: days to 100 kg; BFT: backfat thickness adjusted to 100 kg; GW: grain weight; WC: water content.
Computing time
The average computation time for G × EBLUP and GBLUP to complete each fold of CV is presented in Table 4. Running time of the methods was measured in minutes on an HP server (CentOS Linux 7.9.2009, 2.5 GHz Intel Xeon processor and 515G total memory). In all scenarios, G × EBLUP runs longer than GBLUP, mainly because running G × EBLUP requires concurrently running G × EWAS, which is a single marker regression model with a long running time, e.g. G × EWAS took an average of 45.8 min in each fold of CV to complete the analysis, requiring considerably less time than GBLUP (15.05 min). In addition, there is no obvious difference here between different traits in the same population due to the same size population and number of SNPs.
TABLE 4 | Average computation time for G × EBLUP and GBLUP to complete each fold of cross-validation.
[image: Table 4]DISCUSSION
G × E interactions play an important role in livestock and plants and should be considered in breeding programmes to select elite individuals in specific environments (Crossa, 2012; Heslot et al., 2014; Jarquin et al., 2017; Perez-Rodriguez et al., 2017; Tiezzi et al., 2017; Liu et al., 2019; Zhang et al., 2019; Braz et al., 2021). However, because of their complexity, G×E interactions are usually ignored in conventional breeding and the current widely used methods of estimating genomic breeding value, e.g. GBLUP (VanRaden, 2008), single-step GBLUP (Misztal et al., 2009), BayesA (Meuwissen et al., 2001), BayesCpi (Habier et al., 2011), which could lead to biases in the estimation of breeding values and selection decisions. Although the multi-trait (Richard, 1996) and reaction norm models (Rebecka et al., 2002) are two prevalent methods for handling GEI in the estimation of genomic breeding value, our previous studies have explicated the disadvantages of these two types of methods (Song et al., 2020b). Moreover, these two methods could not detect the markers associated with GEI. In this study, we proposed G × EBLUP, which is a novel method for genomic breeding value estimation that takes GEI into account. The core of G × EBLUP is the estimation of GEI using G × EWAS by including an additional per-individual effect term that accounts for GEI; it is also powerful for the identification of the SNPs that are susceptible to GEI. Comprehensive simulation studies and real data of pigs and maize have demonstrated the superiority of the proposed method.
In the simulated data, our results indicated the superiority of the G × EBLUP method for genomic prediction in all scenarios, which was more remarkable when the variance of GEI was large (Figures 2A,B), showing that the new method can appropriately handle GEI. Our results also showed that there was no significant difference in the prediction accuracy of G × EBLUP under different numbers of environment variables (Figures 2C,D), implying that the number of environment levels have no effect on our new method. This is a major highlight of the G × EBLUP method compared with the methods based on the multi-trait (Richard, 1996) and reaction norm models (Rebecka et al., 2002), in which the number of environment levels was the main limitation (Song et al., 2020a; Song et al., 2020b). The advantage of G × EBLUP for joint G × E analysis of multiple environment variables could be that multiple environments can interact with a single genetic locus to influence the phenotypes (Moore et al., 2019). In our new method, the interactions of genotype with different environments could be represented by one or more markers, as explicated by G × EWAS. Therefore, it was not sensitive to the number of environment levels.
In this study, we proposed G × EWAS and a score-test statistic to identify the significance of SNP affected by GEI; the details of G × EWAS and its computational complexity can be found in Additional File 1 Supplementary Material. In G × EWAS, [image: image] is the [image: image] matrix of L observed environments, and [image: image] is used as a variance–covariance structure for G × E effects; thus, G × EWAS is a single-SNP regression model, which is different from the multi-trait (Richard, 1996) and reaction norm models (Rebecka et al., 2002). The linear covariance function (EE’) was primarily used because of two appealing properties. First, as the number of samples typically exceeds the number of environments in larger populations (L << N), a low-rank linear covariance is noted, which enables parameter inference with a computational complexity that scales linearly with the increasing population size. Second, a linear covariance is directly interpretable, as there is one-to-one correspondence between G × EWAS and linear regression using L covariates to account for GEI. Compared with the four methods proposed by Wang et al. (2019), our results showed the obvious advantages of G × EWAS in GEI detection (Additional File 3: Supplementary Figures S8–S10 and Table 2). The low efficiency of the other methods could be because the selection, epistasis and phantom vQTL can also cause vQTL instead of just GEI, which may lead to biases in the detection of G × E markers, e.g. the overlapped simulated QTLs were decreased for L-mean and L-median when the variance of G × E increased. Although the efficiency of G × EWAS was improved with increase in the variance of GEI, it yielded higher number of overlap QTLs with GEI. As a combination of the standard linear mixed model for genome-wide association study and StructLMM, our proposed G × EWAS performed better than StructLMM (Additional File 3: Supplementary Figures S8–S10 and Table 2). The superiority of G × EWAS was mainly because it built a genomic relationship matrix to capture the realised relationships among individuals; moreover, it can accurately capture the effect of each environment on markers by adding the GEI vector in the model, which follows a multivariate normal distribution. In the scenario of larger variance of GEI, more QTLs would contribute to the GEI, increasing the weight of per-individual effect size as described in Eq. 1; thus, it could be easily detected using G × EWAS.
Although G × EWAS could detect more significant SNPs associated with GEI using Bonferroni correction, only a small amount of the whole markers were detected. The best performance of G × EBLUP was obtained at the marker selection criterion of p-value of E02 (BFT in pig and WC in maize) or E03 (simulated data and WC in maize) (p-values < 10–2 or 10–3) in all scenarios (Table 3). In fact, the performance of G × EBLUP at E02 and E03 was similar. Accordingly, the selected SNPs with GEI for simulated data, AGE and BFT in pig and WC and GW in maize were enough to build a genomic relationship matrix to elucidate the contribution of GEI. The number of selected SNPs with GEI in G × EBLUP was lower than that of the significant SNPs at false discovery rate of 0.05 (Additional File 2: Supplementary Table S2). Therefore, it is reasonable to use p-values of <10–3 as threshold for determination of SNPs with GEI in G × EBLUP. The advantage of G × EBLUP over GBLUP is mainly because G × EBLUP allows the assignment of different weights to the genomic variants in the different genomic relationship based on their estimated genomic parameters, which can better fit the genetic architecture of the trait, while randomly selected a subset of SNPs that are not all associated with the trait, giving more weight to these SNPs in G × EBLUP does not improve the accuracy of genomic prediction (results not shown).
Along with the mapping of G × E markers, G × EWAS could determine favourable environment using BF of SNPs on each environment. This is extremely helpful for market-specific breeding in animals and plants as it may provide further explanation to those individuals who have a higher risk of being affected by GEI in a certain environment variable (sensitive environment). In this study, farm was identified as a sensitive environment for BFT in pigs, which allows the selection of elite individuals with good performance in specified farms. Further, our results showed that GEI was different for distinct traits, e.g. similar genomic prediction accuracies were obtained for G × EBLUP and GBLUP for AGE, whereas G × EBLUP showed improvement by approximately 3% in the prediction accuracy for BFT in pigs (Figure 3). This observation is consistent with that of our previous report that showed GEI for BFT but not for AGE (Song et al., 2020b). This could be explained by values of the variance of the slope ([image: image]) compared with those of the intercept ([image: image]) in the reaction norm model; [image: image] / [image: image] were 0.002 and 0.348 for AGE and BFT, respectively. Thus, traits with small variance of GEI cannot improve the accuracy of genomic prediction using G × EBLUP even after the identification of more significant SNPs on AGE. Similarly, the less significant SNPs in the maize data showed larger variance and greater improvement in the genomic prediction accuracy than those in the pig data (Figure 3). Further, this might be due to the trait characteristics of plants, which are more vulnerable to GEI than livestock, the effect of environment in animal become ignorable as the industrial management. Conversely, the small sample size of the maize may have reduced the power of G × EWAS, leading to the identification of a small number of significant GEI markers, which may explain why the gain of G × EBLUP was lower than expected. In addition, using sensitive tests to detect sensitive environments is an alternative, and then fitting the overlap environment of SNPs in the G × EBLUP model based on the pre-defined environment. However, the effect of this method and how to fit it in G × EBLUP model need to be investigated in the future.
Our results showed G × EBLUP is a powerful alternative to the conventional method for the estimation of genomic breeding value. However, there are several limitations in this approach. First, G × EWAS is not a whole-genome regression model and does not account for the genome-wide contribution of all other variants, thus G × EWAS is still a single marker regression model with a long calculation time (Table 4). G × EWAS assumes all SNPs affected by GEI in the current model, and it could not differentiate between the significant SNPs with or without GEI. It might be the reason why a large number of significant SNPs were detected in the simulated data, although only few overlapped with simulated QTLs. The same phenomenon was also found in other methods, such as Bartlett, F-Killeen, L-mean, L-median and StructLMM, implying that the detection of GEI is more difficult due to the flexibility of the environment. Second, although sensitive environment can be obtained by calculating the BF value for each environment variable, the BF value of each level of an environment variable cannot be obtained (e.g., BF for each farm in pig data), which might be important for directional breeding. Third, G × EBLUP has an advantage only when the variance of the G × E interaction is relatively large, e.g., similar genomic prediction accuracies were obtained for G × EBLUP and GBLUP for AGE, as was not affected by GEI. Finally, G × EWAS cannot handle binary traits at present, as G×E tests need the estimation of nuisance parameters to capture the main effects of binary traits, and estimating these parameters requires high-dimensional integration and the inversion of a high-dimensional similarity matrix. Nevertheless, it is worth being investigated in the future.
Moreover, G × EBLUP can be extended to single-step method (ssG × EBLUP), which could improve the genomic prediction accuracy using pedigree and genomic information (Misztal et al., 2009; Aguilar et al., 2010; Christensen and Lund., 2010).
CONCLUSION
The G × EBLUP method proposed in this study showed the following four features: 1) genomic prediction was performed using the G × EBLUP method by considering GEI and yielded higher accuracies and lower MSE in both simulated and real pig and maize data when the variance of G × E interaction is large; 2) it could powerfully detect the genome-wide SNPs subject to GEI; 3) the number of environment levels did not influence the genomic prediction accuracy of the proposed G × EBLUP, circumventing the limitation of current methods; 4) it could determine favourable environment using SNP BF for each environment, thus being useful for market-specific animal and plant breeding.
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The rapid growth in genomic selection data provides unprecedented opportunities to discover and utilize complex genetic effects for improving phenotypes, but the methodology is lacking. Epistasis effects are interaction effects, and haplotype effects may contain local high-order epistasis effects. Multifactorial methods with SNP, haplotype, and epistasis effects up to the third-order are developed to investigate the contributions of global low-order and local high-order epistasis effects to the phenotypic variance and the accuracy of genomic prediction of quantitative traits. These methods include genomic best linear unbiased prediction (GBLUP) with associated reliability for individuals with and without phenotypic observations, including a computationally efficient GBLUP method for large validation populations, and genomic restricted maximum estimation (GREML) of the variance and associated heritability using a combination of EM-REML and AI-REML iterative algorithms. These methods were developed for two models, Model-I with 10 effect types and Model-II with 13 effect types, including intra- and inter-chromosome pairwise epistasis effects that replace the pairwise epistasis effects of Model-I. GREML heritability estimate and GBLUP effect estimate for each effect of an effect type are derived, except for third-order epistasis effects. The multifactorial models evaluate each effect type based on the phenotypic values adjusted for the remaining effect types and can use more effect types than separate models of SNP, haplotype, and epistasis effects, providing a methodology capability to evaluate the contributions of complex genetic effects to the phenotypic variance and prediction accuracy and to discover and utilize complex genetic effects for improving the phenotypes of quantitative traits.
Keywords: multifactorial model, epistasis, haplotype, SNP, GBLUP, GREML
INTRODUCTION
Genomic estimation of variance components and associated heritabilities and genomic prediction for quantitative traits using single nucleotide polymorphism (SNP) markers and mixed models have become a widely used approach for genetic improvement in livestock and crop species. The rapid growth in genomic selection data provides unprecedented opportunities to discover and utilize complex genetic mechanisms, but methodology and computing tools are lacking for investigating complex genetic mechanisms using the approach of genomic estimation and prediction. The integration of global low-order epistasis effects and local high-order epistasis effects contained in haplotypes for genomic estimation and prediction is a step forward for the discovery and application of complex genetic mechanisms to improve the phenotypes of quantitative traits.
The theory of genetic partition of two-locus genotypic values defines four types of epistasis values: additive × additive (A×A), additive × dominance (A×D), dominance × additive (D×A), and dominance × dominance (D×D) epistasis values (Cockerham, 1954; Kempthorne, 1954). The Cockerham method defines each epistasis coefficient as the product of the coefficients of the two interacting effects that each can be an additive or dominance effect (Cockerham, 1954). This definition of epistasis coefficient is the basis for defining epistasis model matrices in terms of the model matrices of additive and dominance effects. Cockerham also defines a pedigree epistasis relationship as the product between the pedigree additive and dominance relationships (Cockerham, 1954), and this definition is the theoretical basis for Henderson’s approach to express epistasis relationship matrices as the Hadamard products of the additive and dominance relationship matrices (Henderson, 1985). Henderson’s Hadamard products for epistasis relationship matrices were suggested for genomic prediction using epistasis effects by replacing the pedigree additive and dominance relationship matrices with the genomic additive and dominance relationship matrices calculated from SNP markers (Su et al., 2012; Muñoz et al., 2014; Vitezica et al., 2017). This genomic version of Henderson’s Hadamard products avoids the use of large epistasis model matrices that can be difficult or impossible to compute but contains intra-locus epistasis effects that are not present in the epistasis model (Martini et al., 2020). For this reason, the genomic version of Henderson’s Hadamard products could be described as approximate genomic epistasis relationship matrices (AGERM). Formulations have been developed to obtain the exact genomic epistasis relationship matrices (EGERM) that remove the intra-locus epistasis effects in AGERM by modifying Henderson’s Hadamard products without creating the epistasis model matrices (Jiang and Reif, 2015; Martini et al., 2016; Jiang and Reif, 2020; Martini et al., 2020). The difference between AGERM and EGERM tends to diminish as the number of SNPs increases (Jiang and Reif, 2020). Henderson’s Hadamard products and hence AGERM are applicable to any order of epistasis effects, and EGERM also has a general formula for any order of epistasis effects (Jiang and Reif, 2020). However, limited tests showed that fourth-order global epistasis contributed virtually nothing to the phenotypic variance but generated considerable computing difficulty (Liang et al., 2021), raising questions about the value of global epistasis effects beyond the third-order. Methods of genomic estimation and prediction of global epistasis effects up to the third-order should have wide-range applications, given that the number of reported epistasis effects lags far behind the number of single-point effects (Carlborg and Haley, 2004; Phillips, 2008; Ritchie and Van Steen, 2018) even though epistasis effects are important genetic effects (Cordell, 2002; Segre et al., 2005; Mackay, 2014). In contrast to the computing difficulty and uncertain impact of global high-order epistasis effects beyond the third-order, local high-order epistasis effects in haplotypes with potentially many SNPs were responsible for the increased accuracy of predicting phenotypic values of certain traits (Liang et al., 2020; Bian et al., 2021). The integration of haplotype and epistasis effects provides an approach to investigate the contributions of global low-order epistasis effects and local high-order epistasis effects to the phenotypic variance and the accuracy of genomic prediction under the same model.
An epistasis GWAS in Holstein cattle showed that intra- and inter-chromosome epistasis effects affected different traits differently, for example, the daughter pregnancy rate was mostly affected by inter-chromosome epistasis effects, whereas milk production traits were mostly affected by intra-chromosome epistasis effects (Prakapenka et al., 2021), and genomic heritability estimates of intra- and inter-chromosome heritabilities for the daughter pregnancy rate using methods in this article showed that inter-chromosome A×A heritability was much higher than the intra-chromosome A×A heritability (Liang et al., 2022). Therefore, dividing pairwise epistasis effects into intra- and inter-chromosome epistasis effects allows the investigation of the contributions of intra- and inter-chromosome pairwise epistasis effects to the phenotypic variance and prediction accuracy.
The purpose of the multifactorial model in this article is to integrate haplotype effects and epistasis effects up to the third-order for genomic estimation of variance components and associated heritabilities, as well as genomic prediction of genetic and phenotypic values of quantitative traits, to provide a general and flexible methodology framework for genomic prediction and estimation using complex genetic mechanisms and to provide methodology details of the EPIHAP computer package that implements the integration of haplotype and epistasis effects (Liang et al., 2021, 2022). The methodology in this article will facilitate the discovery and utilization of global low-order and local high-order epistasis effects relevant to the phenotypic variances and prediction accuracies of quantitative traits, and obtain new knowledge of complex genetic mechanisms underlying quantitative traits.
MATERIALS AND METHODS
Quantitative genetics model with single nucleotide polymorphism, haplotype, and epistasis effects and values
The mixed model with single-SNP additive and dominance effects, haplotype additive effects, and pairwise SNP epistasis effects in this article is based on the quantitative genetics (QG) model resulting from the genetic partition of single-SNP genotypic values (Da et al., 2014; Wang and Da, 2014), haplotype genotypic values (Da, 2015), and pairwise genotypic values (Cockerham, 1954). An advantage of this QG model is the readily available quantitative genetics interpretations of SNP additive and dominance effects, values, and variances; haplotype additive effects, values, and variances; epistasis effects, values, and variances; and the corresponding SNP, haplotype, and epistasis heritability estimates. Two QG models are developed: Model-I with 10 effect types, including SNP additive and dominance effects, haplotype additive effects, and epistasis effects up to the third-order; and Model-II with 13 effect types resulting from replacing the pairwise epistasis effects of Model-I with intra- and inter-chromosome epistasis effects. Detailed descriptions of the effects, values, model matrices, the coding of the model matrices, as well as the precise definition of each term in the two QG models, are provided in Supplementary Text S1 and Supplementary Table S1. With these precise definitions of genetic effects, values, and model matrices in the QG models, a concise multifactorial QG model covering both Model-I and Model-II can be established, that is
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where [image: image] genetic effects of the [image: image] effect type from the original QG model based on genetic partition, [image: image] model matrix of [image: image], [image: image] genetic values of the [image: image] effect type from the original QG model, and f = number of effect types. For Model-I, subscripts [image: image] represent SNP additive (A), SNP dominance (D), haplotype additive, A×A, A×D, D×D, A×A×A, A×A×D, A×D×D, and D×D×D effects sequentially. For Model-II, subscripts [image: image] represent SNP additive, SNP dominance, haplotype additive, intra-chromosome A×A, intra-chromosome A×D, intra-chromosome D×D, inter-chromosome A×A, inter-chromosome A×D, inter-chromosome D×D, A×A×A, A×A×D, A×D×D, and D×D×D effects sequentially. The variance–covariance matrix of the genetic values of Eqs 1 and 2 is
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where [image: image] genetic variance of the [image: image] effect type under the original QG model is common to all individuals (all j values). It is of note that [image: image] is not a genomic relationship matrix but is the primary information for calculating each genomic relationship matrix. The structure of the G matrix of Eqn. 3 assumes independence between the genetic values of different effect types. However, the GBLUP values of different effect types using the G matrix of Eqn. 3 could be correlated. Under the Hardy–Weinberg equilibrium (HWE) and LE assumptions, additive, dominance, and epistasis effects are independent of each other (Cockerham, 1954; Kempthorne, 1954). For genome-wide SNPs, the LE assumption generally does not hold for closely linked loci, and nonzero Hardy–Weinberg disequilibrium (HWD) may exist numerically. These and other unknown factors in real data may result in the existence of correlations between different effect types. Haplotype additive values are correlated with SNP additive effects because a haplotype additive value is the sum of all SNP additive values and an epistasis value within the haplotype block plus a potential haplotype loss (Da et al., 2016). In two recent haplotype studies for genomic prediction, the integration of SNP and haplotype effects increased the prediction accuracy for four of the seven traits in the human study (Liang et al., 2020) and for three of the eight traits in the swine study (Bian et al., 2021), showing that SNP and haplotype additive values compensated each other for prediction accuracy and that the correlation between SNP and haplotype additive values were incomplete for those traits. The correlation between haplotype and epistasis values can be complex. The correlation should be nonexistent if the A×A values are inter-chromosome A×A values or intra-chromosome A×A values involving distal SNPs not covered by the haplotypes, but the correlation could be strong if the A×A values are intra-chromosome A×A values involving proximal SNPs covered by the haplotypes.
The reparametrized and equivalent quantitative genetics model for genomic estimation and prediction
Genomic relationship matrices are used for genomic estimation and prediction, and the use of genomic relationship matrices results in a reparametrized and equivalent model of the original QG model for genetic values, to be referred to as the RE-QG model, where “reparametrized” refers to the reparameterization of the genetic effects, model matrix, and genetic variance of each effect type; and “equivalent” refers to the requirement of the same first and second moments for the original QG model (Eqs 1–5) and the RE-QG model. This RE-QG model of genetic values can be expressed as
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where
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= variance of the genetic effects of the [image: image] effect type common to all individuals= average variance of all individuals for the genetic values of the [image: image] effect type
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= variance–covariance matrix of the genetic values of the [image: image] effect type
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Equations 8–10 are the reparametrization of the genetic effects, model matrices, and genetic variances of the original QG model, whereas Eqs 11 and 12 show the genetic values and the variance–covariance matrix of the genetic values are the same under the RE-QG and QG models. In Eq.10, [image: image] = the genetic variance of the [image: image] individual for the [image: image] effect type = the [image: image] diagonal element of the [image: image] matrix defined by Eq. 12. The [image: image] formula of Eq. 14 as the average of the diagonal elements of [image: image] was originally proposed for genomic additive relationships (Hayes and Goddard, 2010) and was used for genomic dominance relationships (Da et al., 2014; Wang and Da, 2014), haplotype additive genomic relationships (Da, 2015), and pairwise epistasis genomic relationships (Vitezica et al., 2017). The need for this RE-QG model is due to the use of the genomic relationship matrices (e.g., Eq. 13) because the QG model does not contain genomic relationship matrices (Eq. 3). Detailed notations of the QG model of Eqs 1–5 in reference to the RE-QG model described by Eqs 6–14 are summarized in Supplementary Table S1.
The formula of the genomic relationship matrix ([image: image] of Eq. 13) is based on the model matrix of each effect type and can be difficult or impossible to compute if epistasis model matrices are used. This computing difficulty of epistasis model matrices is removed by calculating [image: image] based on the model matrices of SNP additive and dominance effects without creating the epistasis model matrices using either AGERM or EGERM. AGERM refers to the genomic version of Henderson’s Hadamard products between pedigree additive and dominance relationship matrices (Henderson, 1985), with the pedigree additive and dominance relationship matrices replaced by the genomic additive and dominance relationship matrices (Su et al., 2012; Muñoz et al., 2014; Vitezica et al., 2017). AGERM contains intra-locus epistasis that should not exist (Martini et al., 2020), and EGERM removes intra-locus epistasis from AGERM based on products between genomic additive and dominance relationship matrices (Jiang and Reif, 2020; Martini et al., 2020).
The QG and RE-QG models have the same prediction accuracy due to the equivalence between these two models. The genetic values ([image: image], Eqs 2, 11) and the variance–covariance matrix of the genetic values ([image: image], Equations 5 and 12) under the QG and RE-QG models are identical, although [image: image] and [image: image] have different expressions under the QG and RE-QG models. Consequently, the QG model without using genomic relationship matrices and the RE-QG model using genomic relationship matrices have identical accuracy of genomic prediction. The choice of the [image: image] formula for defining the genomic relationship matrix does not affect the accuracy of genomic prediction but affects the interpretation and application of the genetic variance and genomic relationships for each effect type. Since the interpretation of each genetic variance is a focus, whereas the interpretation of the genomic relationships is not a focus in this study, the interpretation of the genetic variance and associated heritability is the consideration in choosing the [image: image] formula of Eq.14.
The RE-QG model using genomic relationships (Equations 6–14) has two major advantages over the QG model without using genomic relationship matrices (Equations 1–5), although the two models have the same prediction accuracy. First, the use of genomic relationships, originally proposed for genomic additive relationships (VanRaden, 2008), provides a genomic version of the traditional theory and methods of best linear unbiased prediction (BLUP) that uses pedigree relationships, and this genomic version can utilize a wealth of BLUP-based theory, methods, and computing strategies. Second, the genetic variance of the genetic effects of each effect type under the RE-QG model can be used for estimating genomic heritability, whereas the genetic variance of the genetic effects under the QG model cannot be used for estimating genomic heritability. With the [image: image] value defined by Eq. 14, the variance of the genetic effects of the [image: image] effect type, [image: image] (Eq.10), has the unique interpretation as the average variance of the genotypic values of all individuals and is a common variance to all individuals. Moreover, [image: image] is unaffected by the number of levels for each effect type, unless the number of levels such as the number of SNPs is too small to provide sufficient coverage of the genome (Da et al., 2014; Tan et al., 2017; Liang et al., 2020). In contrast, the QG model does not have a method to estimate genetic variance components for calculating genomic heritabilities because [image: image] is an inverse function of the number of effect levels. As the number of effect levels such as the number of SNPs increases or decreases, the value of each element in [image: image] changes in the same direction and the [image: image] estimate changes in the opposite direction, that is, as the number of effect levels increases or decreases, [image: image] decreases or increases. Consequently, the [image: image] estimate does not have a unique interpretation and cannot be used for estimating genomic heritability (Da et al., 2014). Moreover, the variance of the genetic value of an individual [image: image] cannot be used for calculating genomic heritability because of the individual specificity of the [image: image] values, as shown as follows.
The exact relationship between the genetic variance for the [image: image] effect type of the [image: image] individual under the RE-QG model and the QG model can be described based on the [image: image] matrix defined by Eq. 12:
[image: image]
where [image: image] the [image: image] diagonal element of the [image: image] matrix defined by Eq.12 = the genetic variance of the [image: image] individual for the genotypic value of the [image: image] effect type, and [image: image] = the [image: image] element of [image: image] defined by Eq.11. Equation 15 shows that different individuals do not have a common variance of the genetic values [image: image] unless all diagonal elements of [image: image] or [image: image] are identical, which could not happen with genome-wide SNP data in the absence of identical twins because genome-wide SNPs have a high degree of individual specificity. Consequently, [image: image] is not a common variance to all individuals and cannot be used for calculating the genomic heritability of the [image: image] effect type. In contrast, [image: image] of Eq.10 under the RE-QG model as the average variance of the genotypic values of all individuals is common to all individuals and can be used for calculating the heritability of each effect type. For the example of Model-I, the exact genetic interpretation of [image: image] is [image: image] the variance of the genomic additive (breeding) value of the [image: image] individual for [image: image], [image: image] the variance of the genomic dominance value of the [image: image] individual for [image: image], [image: image] the variance of the genomic haplotype additive value of the [image: image] individual for [image: image], [image: image] the variance of the A×A value of the [image: image] individual for [image: image], [image: image] the variance of the A×D value of the [image: image] individual for [image: image], [image: image] the variance of the D×D value of the [image: image] individual for [image: image], [image: image] the variance of the A×A×A value of the [image: image] individual for [image: image], [image: image] the variance of the A×A×D value of the [image: image] individual for [image: image], [image: image] the variance of the A×D×D value of the [image: image] individual for [image: image], and [image: image] the variance of the D×D×D value of the [image: image] individual for [image: image]. These genetic interpretations, along with those for intra- and inter-chromosome pairwise epistasis effects of Model-II under the QG and RE-QG models, are summarized in Supplementary Table S1.
RESULTS AND DISCUSSION
The multifactorial model of phenotypic values
Based on the RE-QG model of Eqs 6–14, the multifactorial model for phenotypic values is
[image: image]
[image: image]
where y = N×1 column vector of phenotypic observations, Z = [image: image] incidence matrix allocating phenotypic observations to each individual = identity matrix for one observation per individual (N = n), N = number of observations, n = number of individuals, [image: image] column vector of fixed effects such as heard-year-season in dairy cattle, c = number of fixed effects, [image: image] model matrix, b,e = [image: image] column vector of random residuals, [image: image] = residual variance, and [image: image] (Eq. 7). The phenotypic values [image: image] are assumed to follow a normal distribution with mean [image: image] and variance–covariance matrix of V. The methods described below for genomic estimation and prediction are based on the conditional expectation (CE) method, which is more efficient computationally than the methods based on mixed-model equations (MME) when the number of genetic effects is greater than the number of individuals (Da et al., 2014; Da, 2015).
For Model-I with 10 effect types, the genomic epistasis relationship matrices can be calculated using either EGERM or AGERM. However, EGERM or AGERM did not consider intra- and inter-chromosome genomic epistasis relationship matrices that are required by Model-II with 13 effect types. This research derives intra- and inter-chromosome genomic epistasis relationship matrices for both EGERM and AGERM.
Intra- and inter-chromosome genomic epistasis relationship matrices
The main derivation of the intra- and inter-chromosome genomic epistasis relationship matrices is the partition of the numerator of a genomic epistasis relationship matrix into intra- and inter-chromosome numerators. The first step is to derive the intra-chromosome numerator, and the second step is to derive the inter-chromosome numerator as the difference between the whole-genome numerator and the intra-chromosome numerator. The last step is to divide the intra-chromosome numerator by the average of the diagonal elements of the intra-chromosome numerator and to divide the inter-chromosome numerator by the average of the diagonal elements of the inter-chromosome numerator. Using this procedure, intra- and inter-chromosome epistasis relationship matrices were derived for both EGERM and AGERM (Supplementary Text S1).
Genomic best linear unbiased prediction and reliability
Based on the multifactorial genetic model of Eqs 16 and 17, the GBLUP of the genetic values of the [image: image] effect type ([image: image]) and the best linear unbiased estimator (BLUE) or generalized least squares (GLS) estimator of fixed effect ([image: image]) are
[image: image]
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where [image: image]. The GBLUP of total genetic values of the n individuals is the summation of all types of genetic values:
[image: image]
Reliability of GBLUP is the squared correlation between the GBLUP of a type of genetic value and the unobservable true genetic value being predicted by the GBLUP. The expected accuracy of predicting the genetic values by the GBLUP is the square root of reliability or the correlation between the GBLUP of a type of genetic effect and the unobservable true genetic effects being predicted by the GBLUP. In the absence of validation studies for observed prediction accuracy, reliability or the expected prediction accuracy is the measure of prediction accuracy of the GBLUP. The reliability of the GBLUP of the total genetic value (Eq. 2) of the [image: image] individual is
[image: image]
where [image: image] (Eq. 7), [image: image], and subscript or superscript jj denotes the [image: image] diagonal element. The reliability formula for any or a combination of genetic values can be readily derived from Eq. 21, for example, the reliability of [image: image] (GBLUP of haplotype additive values) is obtained from Eq. 21 by deleting all terms except [image: image] in the numerator and [image: image] in the denominator, with changes in the V and P matrices accordingly.
Calculation of genomic best linear unbiased prediction and reliability for individuals with and without phenotypic observations separately
Two strategies are available for calculating GBLUP and the reliability of Eqs 20 and 21. Strategy-1 is a one-step strategy that includes all individuals with and without phenotypic observations in the same system of equations so that GBLUP and reliability are calculated simultaneously for all individuals. This strategy essentially augments the mixed model for individuals with phenotypic observations with a set of null equations consisting of “0”s but uses each genomic relationship matrix for all individuals, and these null equations and the use of the relationship matrix for all individuals do not affect the GBLUP, reliability, and heritability of individuals with phenotypic observations. The advantage of this one-step strategy is the simplicity of data preparation. For example, for a k-fold cross validation study, the phenotypic input file only needs to have k columns of the trait observations, with one column for each validation where the phenotypic observations for the validation individuals are set as “missing,” and the X and Z model matrices for the “missing” observations are set to zero. With this strategy, the genotypic data need to be processed only once. As the number of traits increases for validation studies, this one-step strategy becomes more appealing due to the savings in data preparation work. This strategy has been implemented in our computing tools of GVCBLUP (Wang et al., 2014), GVCHAP (Prakapenka et al., 2020), and EPIHAP (Liang et al., 2021, 2022). However, when the number of validation individuals or individuals without phenotypic values is large, each genomic relationship matrix ([image: image] matrix) is large, and the one-step strategy becomes more difficult as the number of individuals increases.
For large numbers of individuals without phenotypic observations, calculating GBLUP for individuals with and without phenotypic values separately is more efficient computationally than calculating GBLUP for all individuals in the same system of equations by applying Henderson’s BLUP for animals without phenotypic observations (Henderson, 1977) to GBLUP. Let [image: image] = number of individuals with phenotypic observations, [image: image] = number of individuals without phenotypic observations, [image: image], and let the [image: image] matrix be partitioned as
[image: image]
where [image: image] genomic relationship matrix of the genetic values of the [image: image] effect type for individuals with phenotypic observations, [image: image] genomic relationship matrix of the genetic values of the [image: image] effect type between individuals without phenotypic observations and individuals with phenotypic observations, [image: image] genomic relationship matrix between individuals with phenotypic observations and individuals without phenotypic observations, and [image: image] = [image: image] genomic relationship matrix of the genetic values of the [image: image] effect type for individuals without phenotypic observations. In Eqs 16 and 17, [image: image], the Z matrix needs to be changed to [image: image], the [image: image] vector partitioned as [image: image], and the g vector partitioned as [image: image], where [image: image] incidence matrix allocating phenotypic observations to individuals with phenotypic observations, [image: image] incidence matrix with elements “0” connecting phenotypic observations to individuals without phenotypic observations. With these changes and Eq. 22, the V matrix of Eq. (17) can be re-written as
[image: image]
and the GBLUP and reliability for individuals with and without phenotypic observations can be calculated as
[image: image]
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where [image: image] column vector of the GBLUP of the genetic values of the [image: image] effect type for individuals with phenotypic observations, [image: image] column vector of the GBLUP of the total genetic values for individuals with phenotypic observations, [image: image] reliability for the [image: image]individuals with phenotypic observations, [image: image] column vector of the GBLUP of the genetic values of the [image: image] effect type for individuals without phenotypic observations, [image: image] column vector of the GBLUP of the total genetic values for individuals without phenotypic observations, [image: image] reliability for the [image: image] individuals without phenotypic observations, [image: image], [image: image], [image: image], [image: image], and [image: image].
Equations 27 and 28 yield identical results if [image: image] exists. However, when the number of individuals is greater than the number of effect levels, such as the number of SNPs, [image: image] in Eq. 28 does not exist, and Eq. 27 still can calculate the GBLUP. The usefulness of Eq. 28 is that it shows the GBLUP of individuals without phenotypic observations is the regression of the genetic values of individuals without phenotypic observations on the genetic values of individuals with phenotypic observations. The advantage of Eq. 27 is that it does not calculate [image: image] and hence is unaffected by the singularity of [image: image]. Therefore, Eq. 27 is recommended for calculating GBLUP for individuals without phenotypic observation when the number of such individuals is large. The GBLUP calculations of Eqs 24, 27, and 28 do not involve the genomic relationship matrix among individuals without phenotypic observations [image: image], which is much larger than [image: image] when [image: image] is much larger than [image: image]. The reliability calculation for individuals without phenotypic observations (Eq. 30) only uses the diagonal elements of [image: image] and not the entire [image: image].
Advantage of the integrated model over separate models
The multifactorial model of Eqs 16 and 17 integrating SNP, haplotype, and epistasis effects has the advantage of using more effect types and assessing each effect type based on the phenotypic values adjusted for all remaining effect types over separate models for SNP, haplotype, and epistasis effects that do not have a mechanism to adjust for effect types not in the model, and each uses a smaller number of genetic effects in the model.
This advantage of the multifactorial model assessing each effect type based on the phenotypic values adjusted for all remaining effect types can be shown using the MME version of the GBLUP for the [image: image] effect type: 
[image: image]
[image: image]
where [image: image] = phenotypic observations adjusted for the fixed effects and all random genetic values except those of [image: image], [image: image] = phenotypic observations adjusted for all random genetic values, and [image: image] is a generalized inverse of [image: image]. Eq. 31 shows the MME version of [image: image] uses the phenotypic values adjusted for the GBLUP of all other effect types in the model. Since the MME version of [image: image] (Eq. 31) and [image: image] (Eq. 32) are identical to the CE version of [image: image] (Eq. 18) and [image: image] (Eq. 19), the CE version of [image: image] (Eq. 18) uses the phenotypic values adjusted for the GBLUP of all other effect types in the model even though the CE version does not do such adjustments explicitly.
Genomic restricted maximum estimation (GREML) of variances and heritabilities
The estimation of variance components uses GREML and a combination of EM-REML and AI-REML algorithms of iterative solutions. EM-REML is slow but converges, whereas AI-REML is fast but fails for zero heritability estimates. In our GVCBLUP, GVCHAP, and EPIHAP computing packages that implement these two algorithms (Wang et al., 2014; Prakapenka et al., 2020; Liang et al., 2021), EM-REML is used automatically when AI-REML fails. The EM-REML iterative algorithm for the multifactorial model of Eqs 16 and 17 is
[image: image]
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where j = iteration number. The AI-REML iterative algorithm is an extension of the early formulations (Johnson and Thompson, 1995; Lee and van der Werf, 2006) to the multifactorial model of Eqs 16 and 17:
[image: image]
where [image: image] = [image: image] column vector of variance–covariance components, [image: image] = residual variance, [image: image] = [image: image] column vector of the partial derivatives of the log residual likelihood function with respect to each variance component, and j = iteration number. A typical term in [image: image] ([image: image]) and a typical term in AI ([image: image]) are
[image: image]
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where [image: image]. For the full Model-I or Model-II, some effect types inevitably may have zero variances. In those cases, AI-REML (Equations 35–37) fails and EM-REML (Equations 33 and 34) still converges, although a slow convergence rate can be expected for the full Model-I or Model-II. Once the effect types with zero variances are removed from the model, AI-REML converges, and a fast convergence rate can be expected. The estimate of the genomic heritability for each type of genetic effects [image: image] and the total heritability of all types of genetic effects [image: image] are
[image: image]
[image: image]
where [image: image] phenotypic variance.
The heritability estimates of Eq. 38 can be used for model selection by removing effect types with heritability estimates below a user-determined threshold value from the prediction model. Since different traits may have different genetic architectures, we hypothesize that some traits may involve only a small number of the effect types, and some traits are more complex and involve more effect types; global epistasis may be more important than local high-order epistasis effects of haplotypes for some traits, whereas the reverse may be true for other traits, and some traits may be affected by both global high-order and local high-order epistasis effects. The heritability estimates from Eq. 37 provide an approach to evaluate these hypotheses and identify effect types relevant to the phenotypic variance, whereas the total heritability of Eq. 38 provides an estimate of the total genetic contribution to the phenotypic variance. In addition to the use of heritability estimates, prediction accuracy based on GBLUP can be used for model selection by requiring a threshold accuracy level for the effect type to be included in the prediction model, for example, we identified the A + A×A model to have the same accuracy of predicting the phenotypic values of daughter pregnancy rate as the full Model-I in U.S. Holstein cows (Liang et al., 2022).
Estimation of pairwise epistasis effect and heritability
The heritability of an SNP, haplotype block, or pairwise epistasis effect is the contribution of the genetic effect to the phenotypic variance and is also the contribution to the heritability of the effect type, and is estimated through the GBLUP of the corresponding genetic effects. These heritability estimates can be used to identify genome locations with large contributions to the phenotypic variance. The estimation of pairwise epistasis effects and heritability is the most demanding computation because the pairwise epistasis model matrices must be creased and are no longer avoidable. Estimating the effects and heritabilities for third-order epistasis effects is computationally unfeasible and is not considered. GBLUPs of SNP, haplotype, and pairwise epistasis effects of Model-I (Supplementary Table S1) are calculated as
[image: image]
where [image: image] is the [image: image] column vector of SNP additive effects for [image: image], or SNP dominance effects for [image: image]; or [image: image] column vector of haplotype additive effects for [image: image]; or [image: image] column vector of A×A epistasis effects for [image: image], or [image: image] column vector of A×D epistasis effects for [image: image], or [image: image] column vector of D×D epistasis effects for [image: image]. For [image: image]; the order of A×D and D×A effects is determined by the order of the model matrices of those effects, that is, [image: image] if [image: image], or [image: image] if [image: image]. The heritability of the [image: image] effect of the [image: image] effect type ([image: image]) is estimated as a faction of the genomic heritability of the [image: image] effect type ([image: image]):
[image: image]
where [image: image] the [image: image] effect of [image: image] [image: image] estimated variance of the [image: image] effect type, [image: image] estimated variance of the [image: image] effect of the [image: image] effect type, and [image: image] = genomic heritability of the [image: image] effect type defined by Equation (52). For proving Equation 57, [image: image] and [image: image] can be formulated based on the method of mixed-model equations (MME):
[image: image]
[image: image]
where [image: image] is the submatrix in the inverse or generalized inverse of the coefficient matrix of the MME corresponding to the [image: image] effect type, [image: image] = number of effects of the [image: image] effect type, and [image: image]. Dividing Eq. 43 by [image: image] and multiplying by [image: image] yield Eq. 41:
[image: image]
It is readily seen that the sum of all heritability estimates of the [image: image] effect type is the genomic heritability of the [image: image] effect type: [image: image]. It is of note that Eqs 42 and 43 using MME are only for proving Eq. 41. The MME method is computationally prohibitive for estimating genetic effects and their variances under the multifactorial model, although the MME method yields results identical to the CE method, which is computationally feasible for genomic estimation and prediction under the multifactorial model.
Comparison between exact and approximate genomic epistasis relationship matrices
We evaluated the differences between AGERM and EGERM in genomic heritability estimates and prediction accuracies using a publicly available swine genomics data set that had 3,534 animals from a single PIC nucleus pig line with five anonymous traits and 52,842 genotyped and imputed autosome SNPs after filtering by requiring minor allele frequency (MAF) > 0.001 and proportion of missing SNP genotypes < 0.100 (Cleveland et al., 2012). The EGERM followed the method used by Jiang and Reif (2020), and the AGERM methods are described in Supplementary Text S1. The heritability results showed that EGERM had slightly higher heritability estimates than AGERM except for the A×A heritability of T3, where AGERM had a slightly higher estimate than EGERM (0.280 vs. 0.278, Table 1). From Table 1, effect type with nonzero heritability estimates was included in the prediction model for evaluating the observed prediction accuracy as the correlation between the GBLUP of genotypic values and the phenotypic values in each validation population and then averaged over all 10 validation populations. The results showed that AGERM and EGERM had the same prediction accuracy for this swine sample (Table 2). A disadvantage of EGERM is the computing time for the construction of EGERM, about 9.51 times as much time for pairwise relationship matrices, 8.29 as much time for third-order and 9.44 times as much time for fourth-order as required for AGERM (Table 3). However, computing time is not the deciding factor for choosing between the exact and approximate methods because the multi-node approach that calculates each genomic relationship matrix in pieces and adds those pieces together can reduce the computing time to an acceptable level when multiple threads/cores are available, and the two-step strategy can be used so that each genomic relationship is calculated only once for different traits and validation populations (Prakapenka et al., 2020). Prediction accuracy is the ultimate deciding factor in choosing between different methods. We reported results of comparing AGERM and EGERM using 60,671 SNPs and 22,022 first-lactation Holstein cows with phenotypic observations of daughter pregnancy rates, showing that AGERM and EGERM had the same heritability estimates and prediction accuracy, but EGERM required 21 times as much computing time as that required by AGERM, which required 1.32 times as much time for the genomic additive relationship matrix (Liang et al., 2022). The combined results of the swine and Holstein samples indicated that EGERM and AGERM had similar results and that the computing difficulty of EGERM over AGERM increased rapidly as the sample size increased. Given the computing difficulty of EGERM and the negligible differences between EGERM and AGERM in prediction accuracy, AGERM should be favored for its mathematical simplicity and computing efficiency, at least for samples with 50,000 SNPs or more.
TABLE 1 | Genomic heritability estimates of additive, dominance, and epistasis effects up to the third-order for five traits in a swine population.
[image: Table 1]TABLE 2 | Observed prediction accuracy of epistasis models relative to the additive model for five traits in a swine population.
[image: Table 2]TABLE 3 | Computing time (in seconds) for the construction of exact and approximate genomic epistasis relationship matrices for a swine population with 3,534 pigs and 52,843 SNPs using 20 threads of the Mangi supercomputer of the Minnesota Supercomputer Institute at the University of Minnesota.
[image: Table 3]Numerical demonstration
The methods of genomic epistasis relationship matrices based on the additive and dominance model matrices, GREML, GBLUP and reliability, and estimation of effect heritability are demonstrated using an R program (DEMO.R) and a small artificial sample for the convenience of reading the numerical results (Supplementary Text S2 and R program). Because of the artificial nature and the extremely small sample size, this numerical demonstration does not have any genetic and methodology implications and is for showing calculations of the methods only. This R program is an extension of the R demo program of GVCHAP that integrates SNP and haplotype effects and has a computing pipeline for producing the input haplotype data from the SNP data (Prakapenka et al., 2020).
CONCLUSION
The multifactorial methods with SNP, haplotype, and epistasis effects up to the third-order provide an approach to investigate the contributions of global low-order and local high-order epistasis effects to the phenotypic variance and the accuracy of genomic prediction. Genomic heritability of each effect type from GREML and prediction accuracy from validation studies using GBLUP can be used jointly to identify effect types contributing to the phenotypic variance and the accuracy of genomic prediction, and the GBLUP for the multifactorial model with selected effect type can be used for genomic evaluation. With many capabilities, including the use of intra- and inter-chromosome separately, the multifactorial methods offer a significant methodology capability to investigate and utilize complex genetic mechanisms for genomic prediction and for understanding the complex genome–phenome relationships.
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Studying gene flow between different livestock breeds will benefit the discovery of genes related to production traits and provide insight into human historical breeding. Chinese pigs have played an indispensable role in the breeding of Western commercial pigs. However, the differences in the timing and volume of the contribution of pigs from different Chinese regions to Western pigs are not yet apparent. In this paper, we combine the whole-genome sequencing data of 592 pigs from different studies and illustrate patterns of gene flow from Chinese pigs into Western commercial pigs. We describe introgression patterns from four distinct Chinese indigenous groups into five Western commercial groups. There were considerable differences in the number and length of the putative introgressed segments from Chinese pig groups that contributed to Western commercial pig breeds. The contribution of pigs from different Chinese geographical locations to a given western commercial breed varied more than that from a specific Chinese pig group to different Western commercial breeds, implying admixture within Europe after introgression. Within different Western commercial lines from the same breed, the introgression patterns from a given Chinese pig group seemed highly conserved, suggesting that introgression of Chinese pigs into Western commercial pig breeds mainly occurred at an early stage of breed formation. Finally, based on analyses of introgression signals, allele frequencies, and selection footprints, we identified a ∼2.65 Mb Chinese-derived haplotype under selection in Duroc pigs (CHR14: 95.68–98.33 Mb). Functional and phenotypic studies demonstrate that this PRKG1 haplotype is related to backfat and loin depth in Duroc pigs. Overall, we demonstrate that the introgression history of domestic pigs is complex and that Western commercial pigs contain distinct traces of mixed ancestry, likely derived from various Chinese pig breeds.
Keywords: introgression, hybridization, selection, commercial pigs, gene flow
1 INTRODUCTION
Introgression and hybridization played a distinct role in the evolutionary diversification of plants and animals (Dowling and Secor, 1997; Mallet, 2005; Arnold et al., 2008; Stukenbrock, 2016; Grant and Grant, 2019). Genetic material introgressed from sister lineages has often been adaptive in plant and animal evolution (Dowling et al., 2016; Burgarella et al., 2019; Janzen et al., 2019; Cao et al., 2021). In wild animals and plants, adaptive introgression played an essential role in disease resistance and environmental adaptation. Examples entail introgression in P. trichocarpa (Suarez-Gonzalez et al., 2016; Suarez-Gonzalez et al., 2018), Zea mays (Hufford et al., 2013), and sheep (Cao et al., 2021). Sometimes morphological characteristics changed, for example, wing patterning in Heliconius butterflies (Pardo-Diaz et al., 2012; Enciso-Romero et al., 2017). In modern humans, a variant of the EPAS1 gene was introduced from Denisovans into Tibetans, which has proven beneficial to the adaptation of Tibetans to high altitudes (Huerta-Sanchez et al., 2014; Zhang W. et al., 2020). However, introgressed haplotypes can also have adverse effects. Examples are risk factors for type 2 diabetes, lupus, biliary cirrhosis (Sankararaman et al., 2014), and even COVID-19 inherited from Neanderthals (Zeberg and Pääbo, 2020).
Human activities have impacted over 75% of the global land area over the past ten thousand years (Venter et al., 2016; Bullock et al., 2018). Domestication and dispersal of pets, plants, and livestock have strongly altered the worldwide distribution of flora and fauna (Wichmann et al., 2009; Ottoni et al., 2013; Koch et al., 2015; Bullock et al., 2018). During the first industrial revolution, humans deliberately promoted crossbreeding of local animal and plant breeds to accelerate the process of breeding. Human-mediated hybridization between different breeds has been an important factor in shaping domestic plants and animals’ genomic and phenotypic diversity (Larson and Burger, 2013; Meng et al., 2018). The hybridization from bovine ancestors improved Mongolian yak management and breeding (Medugorac et al., 2017). Likewise, haplotypes introgressed from Holstein and Brown Swiss affect protein and fat content of milk, calving traits, body conformation, feed efficiency, carcass, and fertility traits (Zhang et al., 2018).
Pigs have a long history of admixture. In the genus Sus, post-divergence interspecific admixture occurred before the domestication of Sus scrofa (Frantz L. A. F. et al., 2013; Frantz et al., 2014; Frantz et al., 2016; Liu et al., 2019). For Sus. scrofa, Sus. cebifrons, and Sus. verrucosus, around 23% of their genomes have been affected by admixture during the later Pleistocene climatic transition (Frantz et al., 2014). Gene flow also happened extensively between domesticated pigs to their wild ancestors during the domestication process (Giuffra et al., 2000; Frantz A. C. et al., 2013; Zhu et al., 2017). Hybridization between China and Western animals may date back to the 1st—fourth century AD (Wang et al., 2011). Historical records report that Chinese pigs were repeatedly introduced into Europe to improve the local pig breeds from the 18th century (Giuffra et al., 2000; Wang et al., 2011; White, 2011), followed by introduction into America from the 19th century onwards (Wang et al., 2011; White, 2011). Vice versa, Western commercial pigs were introduced into China since the start of the 20th century (Wang et al., 2011; White, 2011). The complex hybrid history between China and Western pigs has shaped the present genomic landscape in pigs.
There are 118 native pig breeds in China (Megens et al., 2007) with diverse phenotypic characteristics. Characteristic for Eastern Chinese pigs is early sexual maturity, higher ovulation number, and higher litters size (>15 for some breeds) (Wang et al., 2011). South Chinese pigs have inferior reproductive performance (8–10 piglets per parity for Luchan pigs), thinner skin, and excellent heat resistance (Wang et al., 2011; Chen et al., 2020).
In recent years, genomic studies have revealed some Chinese haplotypes in Western pig breeds that were likely introgressed and selected for. AHR is a toxicity- and fertility-related gene (Denison et al., 2011; Onteru et al., 2012). It is introgressed from a Chinese breed into Dutch Large White pigs (Bosse et al., 2014). Based on the Illumina Porcine 60 K SNP Beadchip dataset of Erhualian, White Duroc × Erhualian F2 population, Duroc and Landrace pigs. Yang et al. found a mutation in VRTN that increased vertebra number, carcass length, and teat number in Western pigs and was inherited from Chinese Erhualian pigs (Yang et al., 2016). The meat quality-related genes (SAL1, ME1) and fertility-related genes (GNRHR, GNRH1), are reported as being introgressed into Duroc from Meishan pigs by Zhao et al., using whole-genome re-sequencing data of 32 Chinese Meishan and 31 Duroc pigs (Zhao et al., 2018). Recently, Chen et al. also explored whole-genome sequencing data from 266 Eurasian wild boars and domestic pigs. They found that the GOLM1-NAA35, a gene that is responsible for cytokine interleukin 6 (IL-6) production in human immune cells (Li et al., 2016), is inherited from south Chinese pigs (SCN) in French Large White (LWHFR) (Chen et al., 2020). They also found a haplotype spanning KATNAL1 that originated from east Chinese pigs (ECN) pigs and has been selected to increase the fertility in LWHFR pigs. Although only LWHFR and two Chinese native pig groups were included, their study provided the novel perspective that introgression from Chinese pigs to commercial breeds may vary considerably. Therefore, in the current study we extensively explore source of introgression and genomic regions that contained introgressed segments on a large scale, including multiple Western pig breeds and a broad sampling of Asian breeds.
Thus, many genomic segments from local Chinese pigs that contributed to favorable characteristics of Western commercial breeds have been identified (Bosse et al., 2014; Frantz et al., 2015; Chen et al., 2017; Chen et al., 2020; Wang et al., 2020), but these records are sporadic, and no systematic survey has been conducted. How extensive these episodes of introgression and improvement of Western domesticated pigs with animals from Asia have been, and where in China these pigs originated, are still unanswered questions. Although Chinese pigs are highly polymorphic (Amaral et al., 2008; Frantz A. C. et al., 2013; Zhao et al., 2019), they form a close genetic group, and there has been an extensive genetic exchange between (local) breeds (Huang et al., 2020). Disentangling the sources of the introgressed haplotypes will shed new light on historical breeding practices, help understand the molecular mechanisms underlying phenotype change, and be of great significance to future breeding.
Even though the overall level of introgression from Chinese pigs to Western commercial breeds seems relatively stable across breeds, the underlying haplotypes, genomic loci, and breed origins may vary (Bosse et al., 2014). In this paper, we present a comprehensive study of the gene flow of pigs from different Chinese origins into five distinct Western commercial lines and illustrate the difference of global haplotype introgression patterns between donor-recipient combinations.
2 MATERIALS AND METHODS
2.1 SNP calling, phasing, and imputation
The datasets analyzed during the current study are available from the NCBI Sequence Read Archive (http://www.ncbi.nlm.nih.gov/sra/) under project PRJEB1683 (Groenen et al., 2012), PRJEB29465 (Grahofer et al., 2019), PRJEB9922 (Frantz et al., 2015), PRJNA186497 (Li et al., 2013), PRJNA213179 (Ai et al., 2015), PRJNA231897, PRJNA238851 (Wang et al., 2015), PRJNA254936, PRJNA255085 (Ramirez et al., 2015), PRJNA260763 (Choi et al., 2015), PRJNA273907, PRJNA305081, PRJNA305975, PRJNA309108 (Li et al., 2017), PRJNA314580, PRJNA320525 (Bianco et al., 2015), PRJNA320526, PRJNA320527, PRJNA322309, PRJNA369600, PRJNA378496 (Zhao et al., 2018), PRJNA398176 (Zhu et al., 2017), PRJNA438040, PRJNA488327 (Yan et al., 2018), PRJNA488960 (Zhang Y. et al., 2020), PRJNA524263 (Zhang W. et al., 2020), and PRJNA550237 (Chen et al., 2020).
A total of 730 samples were included with Asian, Western, domestic and wild backgrounds (See Table S1). Raw reads were aligned to the Sscrofa11.1 reference genome (Warr et al., 2020) using the bwa-mem algorithm (Li and Durbin, 2009). Samtools-v1.8 (Li, 2011) was used for sorting, merging, and marking potential PCR duplications. Finally, haplotype-based variant detection was conducted with freeBayes-v1.1 (--min-base-quality 10 --min-mapping-quality 20 --min-alternate-fraction 0.2 --haplotype-length 0 --pooled-continuous--ploidy 2 --min-alternate-count 2) (Garrison and Marth, 2012). After SNP calling, SNP loci were screened and retaining with a quality value greater than 20 (vcffilter -f “QUAL> 20”). Further quality control was conducted with the following criteria: minor allele frequency (MAF) > 0.01, missing rate <0.01, call rate >90%, sequencing depth of sample >4. Individuals and loci satisfying the above criteria were retained for futher analyses, and assigned to their specific background (193 Chinese indigenous pigs, 30 Asian wild boars, 13 Yucatan mini-pigs, 40 Western wild boars, 298 Western commercial pigs and 18 wild suidae; Supplementary Table S1). Finally, phasing and imputation were performed based on this data set with Beagle 5.1 (Browning et al., 2018; Browning et al., 2021) (window = 20 overlap = 4 gp = true ap = true).
2.2 Genetic structure analysis
T-SNE dimensionality reduction was first conducted by sklearn. manifold.TSNE (n_components = 2, perplexity = 24) in scikit-learn-0.23.1 python package on high-quality Sus. Scrofa samples. To construct the Neighbor-joining tree (NJ-tree), we calculated the IBS distance matrix by plink-1.9 on phased SNP data with default parameters. Then the NJ-tree was constructed by fastME-v2.15 (-D 1 -m N -b 10000 -T 10 -s -I) (Lefort et al., 2015) with Sus cebifrons as the outgroup. The tree was plotted by the iTOl-v5 online tool (Letunic and Bork, 2021). Model-based global ancestry estimation was conducted with Admixture-1.3 (-B10 -c10) (Alexander et al., 2009) with cross-validation to assess the best fitting K-value.
2.3 Local introgression detection
Western wild boars and Yucatan minipigs were combined as the Western haplotypes background for the introgression study. Chinese groups were set as the donor population for every commercial line. Then putative introgression segments were detected for every donor-recipient combination with relative Identity-by-descent (rIBD) method using whole-genome sequencing data (Bosse et al., 2014). Identity-by-descent (IBD) detection was performed with the refinedIBD algorithm (length = 0.1 trim = 0.01 lod = 1) (Browning and Browning, 2013). These parameters were adjusted to detect not only segments that are identical, but segments with similar origins (i.e., Western or Asian) that show higher similarity than expected between Chinese and European ancestries.
The rIBD values were calculated on non-overlapping bins of 10 kb along the genome. For every bin, we calculated rIBD values with the following formula: [image: image]. [image: image] denotes the normalized IBD (nIBD) value of the recipient-donor pair, [image: image] denotes the nIBD value of the recipient-background pair. [image: image], Count_IBD [image: image] shared IBD counts between group1 and group2, [image: image]. N1 and N2 are the sample size of group1 and group2, respectively. That way, rIBD >0 indicates that commercial breeds (recipient) shares more IBD traces with Chinese indigenous (donor) than Western background, and thus denotes introgression from the donor into the recipient population. In contrast, a negative rIBD value indicates that the number of haplotypes shared by the recipient and the background population is greater than that shared with the donor at that locus. We then performed a Z-transformation of the rIBD values with the mean and standard deviation values of overall IBD from all donor-recipient pairs. We independently selected the presumed introgression bins with a Z-rIBD threshold of μ+2σ for every pair, where μ and σ are the mean and standard deviation of Z-rIBD values. Positive significant Z-rIBD values are thus indicative of the presumed introgression from Chinese breeds into the Western commercial pig.
2.4 Overlapping ratio of Z-rIBD segments
To measure the coincidence of significant positive/negative Z-rIBD fragments between different donor recipients, we calculated the overlapping ratio by the following formula:
[image: image]
Where A, B, C denote the three populations. When we compare the overlapping level between “C - > A” and “C - > B”, population C denotes one donor population while A and B denote two different recipients. To compare the overlapping level between “A- > C” and “B- > C”, population C denote on recipient while A and B denote two different donors. [image: image]: the number of positive/negative fragments/bins shared between C and A but not shared with B. [image: image]: the total number of positive/negative fragments shared by C and A.
2.5 Selective sweep analysis
We performed a genome scan to detect recent adaptive introgression events using polymorphism data from the recipient populations only, using the VolcanoFinder-v.1.0 tool (Setter et al., 2020). The ancestral genome was constructed with 16-way Enredo-Pecan-Ortheu multiple alignments files, downloaded from the Ensembl v.103 databases (https://www.ensembl.org/). We obtained the allele frequency and the unnormalized site frequency spectrum files required for Volcanofinder, and performed the analysis according to the standard workflow from VolcanoFinder (https://doi.org/10.5061/dryad.7h44j0zr7) (Setter et al., 2020). Finally, variants were polarized by the ancestor alleles status and used as the input for VolcanoFinder-v1.0 (-big 30000, -1 1 1) (Setter et al., 2020).
2.6 Selection of introgression segments for further analysis
To locate important introgressed segments, we merged the consecutive significant ZrIBD bins into one introgression segment. We ranked introgression segments by segment length as the first criterion and average rIBD value as the second. Then, we selected the segments with a length larger than 11 Kb and Log (10) likelihood ratio of selective sweep footprint >11 (the 0.95 quantile). After that, we computed the length of the introgressed segment, selective sweep footprints, average ZrIBD value and average minor allele frequency for every introgression segment and selected the segments that matched all criteria as top candidates for further analysis.
2.7 Haplotype origin tracing
To trace the origin of haplotypes, alleles were first joined into a “FASTA” format sequence from the phased VCF file by an in-house python script. For a genomic region of interest, variants belonging to the same haplotype were joined to a sequence. These haplotypes thus consist of a string of variants derived from the phased VCF. Subsequently, the SNP distance matrix between haplotypes was calculated with SNP-dists v0.7.0 (https://github.com/tseemann/snp-dists). Finally, hierarchical clustering was conducted in R using the gplots package. Paterson’s D-statistics (Patterson et al., 2012) were computed by Dtrios (-j100) of the Dsuite v0.4 (Malinsky et al., 2021) tool package.
2.8 Determination of Chinese-derived alleles
We refer to an allele as a “Chinese-derived allele” when it occurs in Duroc and Chinese pigs, but is nearly absent in European wild boars. So the “Chinese-derived allele” should match the following criteria: 1) allele frequency in Duroc pigs≥0.1.2). Allele frequency in any of the Chinese local pig groups≥0.1.3) allele frequency in European wild boars≤0.0125 (i.e., only one European wild boar among 40 boars has that allele and is heterozygous).
2.9 Candidate variants selection and LD calculation
Chinese-derived variants were annotated by snpEff-v5.0 (Cingolani et al., 2012). To pinpoint potential causal variants with a high effect on the phenotype, the variants were then ranked using pCADD’s PHRED score. Briefly, the pCADD is the “pig combined annotation dependent depletion”, a model to score single nucleotide variants in pig genomes in terms of their putative deleteriousness, or effect on phenotypes, based on a combination of annotations, see (Gross et al., 2020). The pCADD model is a pig-specific variant of the original CADD model that was developed for human aimd aims to discriminate neutral variants from variants with high impact. Then, “Candidate variants” were selected by the following principles: 1) PHRED score >4.3 (the whole genome mean value). 2) missense variant, 3′UTR variant, or 5′UTR variant.
The LD level of the proxy SNPs with other variants from the sequence data was calculated by plink v1.90b6 (--ld-snp new14_97387849 --ld-window 3000 --ld-window-kb 3000 --r2 --ld-window-r2 0) in the Duroc population. The mean r2 values between proxy SNP and other variants in every block were used as the LD level of the proxy SNP and that block.
2.10 SNP selection from the illumina 50 K SNP array dataset
To be able to test phenotypic effects of the Chinese-derived introgressed haplotypes on chromosome 14, we wanted to expand our sample size by incorporating genotype data from commercial Duroc pigs. The genotype data was obtained from routinely screened pigs from Topigs Norsvin pigs that were genotyped by the (Illumina) Geneseek custom 50 K SNP chip with 50,689 SNPs (50 K) (Lincoln, NE, USA). The chromosomal positions are based on the Sscrofa11.1 reference assembly. In our set of re-sequenced Duroc pigs, SNPs were filtered using the following requirements: Each marker had a MAF greater than 0.01, a call rate greater than 0.85, and an animal call rate >0.7. SNPs with a p-value below 1 × 10−5 for the Hardy-Weinberg equilibrium exact test were also discarded. All pre-processing steps were performed using plink v1.90b3.30 (Chang et al., 2015). SNPs on chromosome 14 were retained for further LD analyses to identify the SNP in highest LD with the candidate variants on the introgressed haplotypes. We tested LD between the candidate SNPs from the sequence in the Asian derived haplotype and SNPs on the 50 K chip by usingPlink-1.9 (--ld-snp new14_97387849 --ld-window 3000 --ld-window-kb 3000 --r2 --ld-window-r2 0).
2.11 Phenotype-genotype association
To estimate the impact of genotypes on production traits, we used the genotype data for the candidate SNP from 11,255 Duroc animals (not all animals have all phenotypes) to test the association of our introgressed allele with the following traits: daily gain from birth to Tstart (25 kg) for 9,921 animals, daily gain from Tstart to the Tend (25–120 kg) in 10,986 animals, backfat at 120 kg (Tend) in 7,192 animals, lean meat percentage and loin depth at the end (120 kg) in 7,688 and 7,192 animals respectively. The corrected phenotypes for all traits of each animal were obtained from the routine genetic evaluation by Topigs Norsvin. Then, for each trait, we conducted a Welch’s t-test (significance threshold p < 0.05) to test for differences in phenotypes of the different genotypes at our candidate SNP, that were assigned to either European or Asian background.
3 RESULTS
3.1 Data collection
We collected 730 samples (Supplementary Table S1) from NCBI (https://www.ncbi.nlm.nih.gov/) and conducted SNP Calling with freeBayes-v1.1 (Garrison and Marth, 2012). After strict quality control, 19, 656, 271 SNPs and 592 samples were retained for further analyses, including 193 Chinese indigenous pigs, 30 Asian wild boars, 13 Western local pigs (Yucatan mini-pigs), 40 Western wild boars, 298 Western commercial pigs, and 18 samples from suidae in Southeast Asian islands (Supplementary Table S1).
3.2 Genetic structure analysis
We predefined the groups of Chinese pigs according to our previous analysis (Peng et al., 2022) and their geographical origins (Wang et al., 2011) (Supplementary Figure S1). The NJ-tree, t-SNE dimensionality and global ancestry analysis were used to dissect the genetic structure of our samples. The NJ-tree and ancestry inference separate Western and Chinese-derived pigs (Figures 1A–C). Chinese animals clustered into a monophyletic clade, and different Chinese origins clustered into sub-clades except for Chinese Northern pigs (Figure 1A). For Western pigs, every commercial line clustered into a monophyletic clade (Figure 1A) and breeds were clearly distinguished in the t-SNE plot (Figure 1B). Admixture analysis was consistent with this pattern, with increasing values of K above six indicating local ancestry for European pigs, and Asian substructure was best captured with K = 14, when the cross-validation reached a plateau (Figure 1C and Supplementary Figure S2). After we removed a few of the eastern Chinese samples that showed hybrid ancestral components in the admixture result, we assigned the China and Western pig breeds to specific clusters according to geographical sources and genetic relationships.
[image: Figure 1]FIGURE 1 | Genetic structure of pigs in this study. (A). The Neighbor-joining tree was constructed by fastME-v2.1.5 based on the IBS-distance matrix and set Sus. cebifrons form Southeast Asian islands as the outgroup. (B). Dimensionality reduction of whole-genome SNPs with the t-SNE algorithm. (C). Global ancestry inference of Chinese and Western pigs conducted with ADMIXTURE-v1.3.0. NCN, North Chinese pigs; ECN, East Chinese pigs; SCN, South Chinese pigs; SWCN, Southwest Chinese pigs; ASW, Asian Wild boars; EUW, European Wild boars; EUD, European local pigs; DUC, Duroc pigs; LDRUS, American Landrace pigs; LDRNL, Dutch Landrace pigs; LWHNL, Dutch Large White pigs; LWHFR, French Large White pigs; HPS, Hampshire pigs; PTR, Pietrain pigs.
Finally, Duroc (DUC), Dutch Large White (LWHNL), French Large White (LWHFR), Dutch Landrace (LDRNL), and American Landrace (LDRUS) were recognized as five distinct Western commercial lines (WS). European wild boars (EUW) plus local European pigs (EUD) were defined as the Western background population (WB). Moreover, Southern (SCN), Eastern (ECN), Northern (NCN), and Southwestern (SWCN) Chinese pigs were defined as the four Chinese local groups (AB). We combined Chinese wild boars (CNW), Korean wild boars (KRW), and Thai wild boars (THW) into the Chinese background population (AB) (Supplementary Table S1).
3.3 Introgression landscape from Chinese to western pigs
We assessed local signatures of introgression in the Western pig genomes using an IBD haplotype sharing method. There are large introgressed fragments and introgression clusters from China to Western pigs (Figures 2A–D). On a genome-wide scale, the proportion and local regions of putative introgression are highly diverse between different donor-recipient pairs. The highest proportion of introgression into Western commercial breeds is NCN, followed by SCN (Figures 2A–D). The amount of introgression varied between the European breeds, with most putative introgression segments from Chinese pigs found in Large White breeds and the French Large White line in particular (Total length of Chinese-derived segments is 33.82 Mb for DUC, 25.57 Mb for LDRNL, 12.68 Mb for LDRUS, 47.29 Mb for LWHFR, 33.49 Mb for LWHNL. Figures 2A–D and Figure 3F). The putative introgression fragments also varied in length and number (Figures 2E, 3E). The longest introgression fragments reach ∼1.2 Mb between LWHFR and NCN (Total length: ∼38 Mb), but only ∼0.34 Mb between LDRNL and ECN (Total length: ∼1 Mb). For any Western commercial line, the average introgressed segment length from NCN is longer than from other Chinese populations (Figure 2E), suggesting a relatively recent genetic exchange between NCN and Western pigs.
[image: Figure 2]FIGURE 2 | The distribution of genomic regions with introgression signature from (A) South Chinese pigs, (B) North Chinese pigs, (C) East Chinese pigs, and (D) Southwest Chinese pigs to different Western commercial breeds. DUC: Duroc, LDR: American and Dutch Landrace pigs, LWH: French and Dutch Large White pigs, Overlapped: the overlapped introgressed region between any two pairs. (E). The features of natural logarithms transformed introgressed fragment lengths (in Kb) from China to Western pigs. ECN, East Chinese pigs; NCN, North Chinese pigs; SCN, South Chinese pigs; SWCN, Southwest Chinese pigs. DUC, Duroc; LDRUS, American Landrace pigs; LDRNL, Dutch Landrace pigs; LWHFR, French Large White pigs; LWHNL, Dutch Large White pigs.
[image: Figure 3]FIGURE 3 | Venn diagram of gene counts on the putative introgression fragments from Chinese groups to Western commercial breed lines. (A). LDRNL as the recipient. (B). LWHFR as the recipient. (C). DUC as the recipient. (D). LDRUS as the recipient. (E). LWHNL as the recipient. (F). Total length (in Mb) of putative introgression segments (The overlapped introgression has been masked in the “SUM” column and row.).
We studied the number of genes affected by the introgression fragments for different donor-recipient pairs. Results are consistent with the total introgression length (Figure 3F). Most of the genes affected by introgression from local Chinese pigs into Western commercial pigs are specific for every donor-recipient pair (Figures 3A–E). Furthermore, most introgressed genes are from NCN to Large White (LWH), especially LWHFR (428 genes, Figure 3C).
3.4 Various segments from different Chinese groups are introgressed into specific western breeds
We further compared the degree of overlap of positive/negative Z-rIBD segments among donor-recipient combinations to study the global introgression differences. We found that the overall positive Z-rIBD (introgression footprint, see method) patterns are less similar than negative Z-rIBD patterns in different donor-recipient pairs (Figure 4, And Supplementary Figure S3). For donor groups from different sources in China, the degree of overlap significant positive Z-rIBD segments between donor-recipient pairs range from 3.3% to 20.56% (Supplementary Table S2), but for negative Z-rIBD segments, it is 69.73%–93.51% (Supplementary Table S2). The degree of overlap of positive Z-rIBD segments is much lower than the negative Z-rIBD segments (Supplementary Table S2), suggesting specific introgression.
[image: Figure 4]FIGURE 4 | Manhattan plot of Z-rIBD values of Duroc versus different Chinese indigenous groups with European wild boars and Yucatan minipig as the background population. A positive Z-rIBD value indicates an introgression signal from a Chinese group to Duroc. In contrast, a negative value indicates Duroc shared more IBD fragments with a Western background population than the Chinese group (See method). Green and red dash lines are positive or negative significance levels (mean ± 2sd). (A). The Z-rIBD dot plot with ECN as the donor. (B). The Z-rIBD dot plot with NCN as the donor. (C). The Z-rIBD dot plot with SCN as the donor. (D). The Z-rIBD dot plot with SWCN as the donor.
Here we take Duroc as an example. The difference in the positive peaks of Z-rIBD is noticeable (Figure 4). There are peaks at different locations or heights on chromosome nine for ECN, NCN, and SCN (Figures 4A–C), but there is no significant Z-rIBD peak for the SWCN-DUC pair (Figure 4D). On chromosome 11, there are peaks located at 34–39 Mb with different heights or widths (Figures 4A–D). Likewise, on chromosome 15, the highest peak is located at different positions for the Chinese groups (Figures 4A–D) except for NCN and SWCN (Figures 4B–D). Suggesting that pigs from different regions in China contributed differently to Western commercial pig breeds.
3.5 Hybridization occurred in the early breeding process of commercial pigs
There is a large difference in the introgression patterns between specific Chinese groups and Western commercial lines (Figure 5, And Supplementary Figure S4). The degree of overlap of positive Z-rIBD segments for the specific Chinese local pigs to different European commercial pigs ranges from 0% to 34.83% (Supplementary Table S3). In contrast, for the negative Z-rIBD segments, it ranges from 27.48% to 49.81% (Supplementary Table S3). However, the differences in the introgression patterns within related breeds from a specific Chinese group are smaller. Dutch and French Large White breeds show a similar introgression pattern from North Chinese pigs compared with other commercial pigs (Figures 5D,E, and Supplementary Table S3). The degree of overlap of positive Z-rIBD for these breeds is as high as 34.83% (Supplementary Table S3). In contrast, this is only around 10% compared to the other Western commercial lines (Supplementary Table S3). A broad peak on chromosome 3 (chr3:48–52 Mb) was found in Dutch Large White and French Large White (Figures 5D,E), but not in the other breeds (Figures 5A–C).
[image: Figure 5]FIGURE 5 | The Manhattan plot of Z-rIBD values of Northern China pigs versus Western pigs with European wild boars and Yucatan minipig as the background population. A positive Z-rIBD value indicates an introgression signal from a Chinese group to a Western commercial line. In contrast, a negative value indicates a Western commercial line shared more IBD fragments with the Western background population than a Chinese group (See method). Green and red dash lines are positive or negative significance levels (mean ± 2sd). (A). The Z-rIBD dot plot with DUC as the recipient. (B). The Z-rIBD dot plot with LDRNL as the recipient. (C). The Z-rIBD dot plot with LDRUS as recipient. (D). The Z-rIBD dot plot with LWHFR as the recipient. (E). The Z-rIBD dot plot with LWHNL as the recipient.
In the Landrace breed, the degree of overlap of positive Z-rIBD is as high as 26.55% (Figures 5B,C, and Supplementary Table S3). A significant introgression signal on chromosome 17 (CHR17:17–18 Mb) is observed in both Dutch and American Landrace (Figures 5B,C) but not seen in the other breeds (Figures 5A,D,E). Besides, the Z-rIBD peaks mentioned above are different in the different pig lines. The observed difference in introgression signal from specific Chinese groups to related Western commercial lines reflects a difference in the extent of introgression. This suggests that gene flow occurred mainly in the early stages of commercial pig breeding rather than after the differentiation of the lines. However, the tendency of artificial selection caused changes in signal strength.
3.6 A Chinese-derived haplotype introgressed into duroc genomes
We observed a cluster of Duroc-specific introgression signatures spanning ∼2.65 Mb on chromosome 14 (chr14: 95.68–98.33 Mb) (Figure 6). Such a strong introgression and selection signal is not seen for the other commercial pigs at that region (Supplementary Figures S5, S6). This introgressed region appears to be a set of segments derived from Chinese pigs in the Duroc population. The Z-rIBD value for SCN-DUC is up to 5.65 for segment 3 (the mean Z-rIBD value is 2.48 for segment 1, 3.90 for segment 2, 2.19 for segment 3 and 2.77 for segment 4, Figure 6A). Except for SWCN-DUC in segment 1 (mean Z-rIBD = 5.89, Figure 6D) and segment 3 (mean Z-rIBD = 4.74, Figure 6D), the mean Z-rIBD values is highest in the SCN-DUC pair (Figures 6A–D). We also observed a lower minor allele frequency than expected by chance (0.04 for this region but 0.12 for whole-genome) in Duroc (Figure 6E). These signatures are located within a strong adaptive selection region (chr14: 92–101 Mb) on the Duroc genome (Figure 6F). Moreover, there are five candidate genes in this region: PCDH15, MBL2, DKK1, PRKG1, and CSTF2T (Figure 6G).
[image: Figure 6]FIGURE 6 | Local genome features on chr14:93.98–98.19 Mb of Duroc pigs. (A–D). Z-rIBD values were calculated with Duroc as the recipient, European wild boars and Yucatan minipigs as the background together, and Chinese groups as the donor. (E). Minor allele frequency of the Duroc population. (F). Log-likelihood ratio of selection footprints calculated from VolcanoFinder-v1.0 tool. (G). Candidate gene locations on Sus. scrofa 11.1 reference genome. S1 denotes segment 1, which locate in chr14:95.68–95.89 Mb; S2 denotes segment 2, which locate in chr14:96.04–96.42 Mb; S3 denotes segment 3, which locate in chr14:96.47–97.65 Mb; S4 denotes segment 4, which locates in chr14:98.12–98.33 Mb.
Additionally, PCA plots of Duroc and Chinese pigs from SNPs across the full genome and local SNPs in this region display a strong discondancy (Supplementary Figure S7). The clustering of the Duroc and Chinese pigs in this region hint at introgression, evident from the big difference between the global and local PCA analyses. Combining the above results, we suspect that this haplotype in the Duroc genome was inherited from SCN or SWCN pigs.
To trace the sources of the haplotype, we then calculated a distance matrix between individuals for every segment by SNP-dists v0.7.0 followed by hierarchical clustering in R-4.0 using the gplots package (Warnes, 2020). The results (Figure 7) show that most Duroc pigs clustered together with Chinese pigs (especially with ECN, SCN, and SWCN), in sharp contrast to LWH and Landrace (LDR). The LWH and LDR clustered with Western background populations on segment 1 and segment 4 (Figures 7A,D). In the clustering of segments 2 and 4, more SCN pigs are located witnin Duroc clades (Figures 7B,D), suggesting that fragment 2 is more likely derived from SCN pigs. The results of the ABBA-BABA test (D-statistics) highlights that Duroc shares more derived alleles with SCN than other Chinese pigs for segment 2, segment 3, and segment 4 (Table 1). Moreover, a high degree of linkage disequilibrium (LD) in this region (r2 = 0.56, Supplementary Figure S8) was found. According to the dist trees, D-statistics and the degree of LD, we believe that the haplotype (chr14: 95.68–98.33 Mb) in the Duroc genome is derived from SCN pigs.
[image: Figure 7]FIGURE 7 | Heatmap and hierarchical clustering of the SNP distance matrix. (A). Segment 1 (1343 SNPs were included); (B). Segment 2 (1734 SNPs were included); (C). Segment 3 (7210 SNPs were included); (D). Segment 4 (1761 SNPs were included). SNP distance matrix was calculated with SNP-dists v0.7.0.
TABLE 1 | D-statistics result of four segments.
[image: Table 1]3.7 Prioritizing causal variants within introgressed haplotypes
We further investigated SNP allele frequencies in the four segments in different pig populations (Table 2, And Supplementary Table S4). There are many alleles with low (≤0.0125) frequencies in Western wild boars but high frequencies in Duroc pigs for each of the segments (123 variants in segment 1,118 variants in segment 2,436 variants in segment 3,383 variants in segment 4, Supplementary Table S4). Furthermore, the derived alleles in Duroc pigs at these loci seem to have undergone strong selection (Figure 6F). We believe these are candidate alleles derived from Chinese pigs due to their moderate allele frequencies in Chinese pigs (Table 2, And Supplementary Table S4). Seven candidate mutations (Supplementary Table S5) were selected from the putative Chinese-derived set of alleles that potentially have a high functional impact (see methods). These variants are likely to have a strong impact on the phenotype as derived from the pCADD model, with the strongest located within the three prime UTR region of PRKG1.
TABLE 2 | Average allele frequency of the Chinese-derived alleles within the four segments, in every population.
[image: Table 2]3.8 Association of PRKG1-haplotype with production traits
We analyzed genotype and phenotype data of 11,255 animals from a commercial Duroc population to assess the potential phenotypic impact of the introgressed haplotypes. We screened the (Illumina) Geneseek custom 50 K SNP array for SNPs in highest LD with the introgressed haplotypes, and a SNP (INRA0045978) was selected as a proxy for the introgressed segment due to its high LD (r2 range from 0.65 to 0.73) with the seven candidate alleles in the Duroc population (Supplementary Table S6, Supplementary Figure S9). Next, we used the genotypes for this selected SNP from 11,255 Duroc animals from the same commercial breed to test the association of INRA0045978 with a set of production traits (See methods).
We found a significant association with backfat (genotype “0/0” versus “1/1; t-test p-value 0.016; Figure 8C) with a and with loin depth (genotype “0/1” versus “1/1; t-test p-value 0.028; Figure 8E and Supplementary Table S7). The INRA0045978 SNP has a low Duroc reference allele frequency in Western wild boar (0.0125) but higher in Chinese pigs (0.5517) and Duroc (0.8782). These results suggest that the PRKG1-haplotype may decrease backfat (mean difference of 2.3 mm) and increase loin depth (mean difference of 6.1 mm) in Duroc pigs.
[image: Figure 8]FIGURE 8 | Box-plot of phenotype-genotype associations of the introgressed haplotype tagging SNP INRA0045978 (chr14:97387849) in ∼11,000 Duroc pigs. A–E, the t. test p-values were written on the plots. A star in red denotes significant difference between two genotypes. (A) daily gain from birth to starting (Grams per day). (B). Daily gain from start to the end (Grams per day). (C). Backfat at the end (Millimeters). (D). Lean meat percentage (Percentage of lean meat). (E). Loin depth at the end (millimeters).
4 DISCUSSION
We conducted a comprehensive analysis of the introgression from China to Western commercial pigs. The complexity of the commercial pig breeding process caused unforeseen scenarios. Our findings reveal the distribution and quantity of Chinese pig genetic components in major Western commercial pig breeds.
Interestingly, we found that the overall positive introgression patterns across breeds are less similar than negative patterns. The high degree of overlap for negative Z-rIBD segments was caused by the close genetic relationship among local Chinese pigs. The lower degree of overlap for the positive Z-rIBD segments indicates specific contributions from different Chinese local pigs into Western pigs. This could indicate that some genomic regions in Western pigs do not allow introgression from such distantly related pig populations and that purifying selection is at play. By contrast, breed-specific traits requirements could promote introgression reserved at specific loci, wherein other breeds, these Chinese-derived haplotypes, are undesired. Therefore, we hypothesize that genomic regions lacking Chinese introgression in all Western pigs contain genes that contribute to traits shared across all Western pigs and identify this as an exciting avenue for future research.
Introgressed sequences from different Chinese pig groups were found for a given Western breed. This may have been influenced by the opening of foreign trade ports in China hundreds of years ago and by the traits of pigs in different places (Chen et al., 2020). Western commercial breeds have retained different proportions and different specific loci of introgression. We believe different Chinese pig breeds were introduced for crossbreeding before current Western breeds were established. After establishing Western commercial breeds, these breeds were selected in different directions. We show introgression signals at the same genomic positions but with different introgression intensities for different lines from the same breed. This suggests the influence of directional selection on the gene flow. These results show that the variation in phenotypes of Western commercial breeds is caused by ⅰ) their initial variety, ⅱ) different Chinese pigs used for introgression, ⅲ) different directions and strength of selection after introgression. For different commercial lines of the same breed, the variation in phenotypes was most likely mainly caused by variation in the strength of selection. An illustration is the identified novel introgression haplotype from Southern China to Duroc pigs on chromosome 14 harboring the PRKG1 gene. The PRKG1 gene straddles the two introgressed segments (segment 3 and segment 4). Considering the high degree of LD in this region, it is very likely that they are derived from a single gene flow event. PRKG1 has previously been reported to have undergone positive selection in Duroc (Kim et al., 2015) and is related to fatty acid composition. The gene showed copy number variation in Iberian - Landrace crosses (Revilla et al., 2017) and is related to average daily gain in Large White pigs (Wu et al., 2019). Furthermore, we showed that this introgressed PRKG1-haplotype significantly affects the thickness of the pig backfat and loin depth (Figures 8C–E), indicating its relevance for commercial breeding.
We also found other genes with essential functions in this region (Table 3). PCDH15 is related to backfat thickness according to a GWAS result of Landrace and Yorkshire population (Lee and Shin, 2018). Porcine MBL2 is one of the mannose-binding lectins; it is the central component of innate immunity, facilitating phagocytosis and inducing the lectin activation pathway of the complement system (Phatsara et al., 2007; Bergman et al., 2014). DKK1 is one of the Wnt signaling inhibitors. Upregulation of DKK1 expression can be observed in the endometrium in pigs during the pre-implantation period (Zeng et al., 2019). CSTF2T plays a potential role in infertility as a mutation in this gene caused male infertility in humans (Gorukmez and Gorukmez, 2020). In conclusion, the introgressed segment contains a set of genes with potential impact on backfat thickness, immunity, daily gain and reproduction.
TABLE 3 | Genes overlapping with the four segments within the introgressed region.
[image: Table 3]We also observed a large number of introgressed haplotypes in commercial Western pig breeds derived from NCN. However, we did not find any relevant written records of such an introduction of NCN into Europe or America. A general view is that ECN/SCN has been introduced to Europe to improve Western commercial pig breeds (Chen et al., 2017; Zhao et al., 2018; Chen et al., 2020). We, therefore, assume that NCN did not participate in the crossbreeding with Western commercial pigs directly but that the haplotypes introgressed and retained in Western pigs are more conserved in NCN than SCN/ECN. This suggests that current NCN pigs resemble the local breeds introduced centuries ago. This assumption should, however, be confirmed in future studies. Furthermore, it is known that Western commercial pigs contributed to NCN after the 20th century. Ai et al. (2015) found an extreme divergence between the northern and southern Chinese pig haplotypes in the 14-Mb region on the X chromosome. These haplotypes found in NCN were also found in European pigs. Therefore, a reciprocal introgression from European-related boars to NCN and vice versa cannot be ruled out. Therefore, care should be taken when assessing the direction of selection and interpretation of the results.
5 CONCLUSION
A comprehensive analysis of the genetic introgression from Chinese pigs of different regions into different Western commercial lines was studied with 592 re-sequencing pigs. Our analysis revealed different Chinese pig haplotypes’ complex introgression patterns and characteristics into Western commercial pig breeds. The results showed that the amount and origin of haplotypes introgressed from different Chinese pig sources to specific Western pigs vary greatly. The impact of Chinese haplotypes from specific sources on different commercial breeds is very different. The introgression likely occurred in the early stages of breed development. Breeding selection tendency experienced by different lines likely led to the observed differences in gene introgression. LWH pigs are most affected by Chinese haplotypes and the haplotypes were better retained in LWHFR. We also found that a ∼2.65 Mb Chinese-derived haplotype in Duroc pigs significantly affects the thickness of the pig backfat and the increase of loin depth.
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Meat quality traits (MQTs) have gained more attention from breeders due to their increasing economic value in the commercial pig industry. In this genome-wide association study (GWAS), 223 four-way intercross pigs were genotyped using the specific-locus amplified fragment sequencing (SLAF-seq) and phenotyped for PH at 45 min post mortem (PH45), meat color score (MC), marbling score (MA), water loss rate (WL), drip loss (DL) in the longissimus muscle, and cooking loss (CL) in the psoas major muscle. A total of 227, 921 filtered single nucleotide polymorphisms (SNPs) evenly distributed across the entire genome were detected to perform GWAS. A total of 64 SNPs were identified for six meat quality traits using the mixed linear model (MLM), of which 24 SNPs were located in previously reported QTL regions. The phenotypic variation explained (PVE) by the significant SNPs was from 2.43% to 16.32%. The genomic heritability estimates based on SNP for six meat-quality traits were low to moderate (0.07–0.47) being the lowest for CL and the highest for DL. A total of 30 genes located within 10 kb upstream or downstream of these significant SNPs were found. Furthermore, several candidate genes for MQTs were detected, including pH45 (GRM8), MC (ANKRD6), MA (MACROD2 and ABCG1), WL (TMEM50A), CL (PIP4K2A) and DL (CDYL2, CHL1, ABCA4, ZAG and SLC1A2). This study provided substantial new evidence for several candidate genes to participate in different pork quality traits. The identification of these SNPs and candidate genes provided a basis for molecular marker-assisted breeding and improvement of pork quality traits.
Keywords: GWAS, crossbred pigs, meat quality, SLAF-seq, candidate genes
INTRODUCTION
Pork quality is a comprehensive indicator, including meat color, pH, marbling, water-holding capacity, intramuscular fat (IMF), tenderness, etc. (Noidad et al., 2019), which is an important economic factor in the pig industry and has been one of the main objectives in pig breeding programs (Gallardo et al., 2012; Nonneman et al., 2013). In the past, pig breeders have been focused on growth performance but neglected meat quality, resulting in the decline of pork quality. However, due to the fast rise in living standards, consumers favor higher-quality pork. In modern pig breeding, more attention has been paid to improving meat quality traits (MQTs) (Fan et al., 2010). However, it is difficult to genetically improve meat quality using conventional breeding methods because meat quality is measured after slaughter. Previous studies have shown that a lot of pork qualities show low to medium heritability (Lee et al., 2015; Khanal et al., 2019). In the past few years, researchers have been committed to improving meat quality through advanced molecular breeding methods, such as molecular marker assisted selection (MAS) breeding. Recently, many candidate genes affecting MQTs have been reported, including RYR1, PRKAG3, PHKG1, and IGF2 (Milan et al., 2000; Yu et al., 2008; Škrlep et al., 2010; Ma et al., 2014). To date, a total of 18,011 quantitative trait loci (QTLs) for meat and carcass traits have been accumulated in the pig QTL database (http://www.animalgenome.org/cgi-bin/QTLdb/index, 25 Apr 2022). Among these QTLs, 805, 765, 136, 30, 91, and 1,092 are found to be associated with PH and meat color, marbling score, water holding capacity, cooking loss, and drip loss, respectively. However, most of these QTLs detected by linkage mapping cover large regions of the genome containing hundreds of genes. Furthermore, only a few genes have been successfully applied to improve the MQTs of pigs at present. Consequently, identifying accurate QTL locations and novel candidate genes remains a major challenge.
Genome-wide association study (GWAS) has been increasingly used to identify genomic regions and markers related to quantitative traits more precisely. In recent years, GWAS based on SNP array for MQTs has identified a large number of QTLs and candidate genes (Lee et al., 2012; Luo et al., 2012; Ma et al., 2013; Fabbri et al., 2020; Park et al., 2021). Gao et al. (2021) used the GeneSeek Porcine SNP50K BeadChip for 582 Duroc × (Landrace × Yorkshire) (DLY) commercial pigs to identify genes related to meat-quality traits: thirty-two SNPs and several candidate genes for meat quality were identified. Liu et al. (2015) genotyped 36 Chinese Erhualian pigs and 610 DLY commercial pigs using the Illumina PorcineSNP60K Beadchip, and obtained 35, 985 and 56, 216 high-quality SNPs to perform GWAS for 20 meat quality traits, respectively. Several QTL regions and relevant candidate genes for meat quality traits were detected. However, the SNP array still has disadvantages, for example, that only a small number of known SNPs can be detected, and that marker distribution is biased. Currently, GWAS based on genome-wide sequencing (WGS) is a powerful method to associate genome-wide SNP with meat quality traits (Ji et al., 2018). Wu et al. (2020) used WGS to genotype 30 purebred Qingyu pigs and obtained 18,436,759 filtered SNPs to perform GWAS for meat pH and color. Several SNPs and candidate genes (CXXC5, RYR3, BNIP3, and MYCT1) for meat traits were identified. For Sus Scrofa with larger genomes, GWAS based on whole-genome sequencing (WGS) is prohibitively expensive. Considering these limitations, specific-locus amplified fragment sequencing (SLAF-seq), a technology based on high-throughput sequencing was developed, which is a cost-effective method for large-scale genotyping (Sun et al., 2013). SLAF-seq technology has the following four significant advantages: the generation of millions of high-density SNP loci covering the whole genome, the ability to detect new SNP loci in unknown mutations, its applicability to any species whether there is a reference genome or not, and the use of representative libraries to reduce sequencing costs. As a consequence, SLAF-seq-based GWAS was successfully applied to detect SNP loci for important quantitative traits in rabbits (Yang et al., 2020), chickens (Wang et al., 2015; Wang et al., 2019; Li et al., 2021), ducks (Xi et al., 2021), and geese (Melak et al., 2021). SLAF-seq has also been successfully used for genotyping of pigs and detected abundant novel mutation sites (Li et al., 2017; Qin et al., 2020). Furthermore, we also identified some genomic regions and several candidate genes for porcine fatness-related and growth-related traits using GWAS based on SLAF-seq technology in our previous studies (Wang et al., 2022a; Wang et al., 2022b).
To produce more genetic variation, A (Duroc×Saba) × [Yorkshire × (Landrace × Saba)] hybrid segregation population was established. As we know, Duroc, Landrace, and Yorkshire pigs are typical lean-type Western commercial breeds widely distributed all over the world and used for commercial production. The shared disadvantage of Western commercial pigs is poor meat quality. However, Chinese native pigs are quite different from Western commercial pigs in meat quality traits. As an invaluable Chinese genetic resource, the fat-type Saba pigs are widely distributed in Yunnan Province, China (Diao et al., 2019), which exhibit high intramuscular fat (IMF) content and superior pork quality. Taking Chinese pig breeds with high meat quality and Western pig breeds with poor meat quality as parents, the hybrid offspring show great differences in meat quality traits and can produce more genetic variation.
Here, we examined 223 four-way crossbred pigs raised under the same environmental conditions for six meat quality traits, including pH at 45 min post mortem (pH45), meat color score (MC), marbling score (MA), water loss rate (WL), cooking loss (CL), and drip loss (DL). Subsequently, GWAS based on SLAF-seq was performed, and identified potential loci influencing these traits. The findings served as the foundation for molecular marker-assisted breeding and the improvement for meat quality traits in pigs.
MATERIALS AND METHODS
Ethics statement
All of the animals utilized in this study were handled and used in accordance with the standards established by China’s Ministry of Agriculture and Rural Affairs for the care and use of experimental animals. The entire study was given the nod by the Yunnan Agricultural University’s (YNAU, Kunming, China) ethics committee.
Animals
A four-way crossbred pig population was established as described previously (Wang et al., 2022a; Wang et al., 2022b). In short, 223 four-way crossbred pigs (115 females and 108 males, DSYLS) investigated were offspring of seven hybrid boars (Duroc × Saba, DS) and 37 hybrid sows (Yorkshire × (Landrace × Saba), YLS) from the pigs and broilers breeding farm in Chuxiong City, Yunnan Province, China (Supplementary Figure S1). These pigs were raised under identical dietary and environmental settings, with automatic water intake and unfettered access to food, which were slaughtered in the same abattoir weighing 105.25 ± 15.75 kg. The ear tissues of 223 pigs were sampled.
Phenotypes
Six meat quality traits were noted after slaughter, including PH45, MC, MA, WL, DL, and CL. The measured muscle samples were from the left side of the carcass. PH45, MC, MA, WL, and DL were measured on the longissimus muscle between the 10th rib and the first lumbar vertebra, and CL was measured on the psoas major muscle. PH45 values were measured at 45 min after slaughter using an automatic pH-STAR. MC (ranging from 1 to 6, 1 presents pale color and 6 presents dark color), and MA (ranging from 1 to 6, 1 presents lack and 6 presents overabundance) were subjectively evaluated according to National Pork Producer Council (NPPC) guidelines. The WL was determined using the filter paper press method as described by Farouk and Wieliczko (2003) with some modifications. Samples were weighed before (Wb) and after (Wa) being subjected to a 35 kg force for 5 min using a pressure instrument (YYW-2, Nanjing Soil Instrument Co., Ltd. Nanjing, China). DL after 24 h storage was measured using a bag method (Honikel, 1987). DL samples were weighed before (Db) and after (Da) being hanged at 4°C for 24 h. Finally, about 20 g cube-like raw meat samples from the psoas major muscle were used to measure CL. The raw was weighed (Cb) and steamed for 30 min. Cooked samples were cooled down to room temperature and re-weighed (Ca). WL, DL, and CL were calculated using the following formula:
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Three measurements of PH45, WL, CL, and DL were taken for each sample. Further analyses were conducted using the averages.
The SAS (SAS Institute, Inc., Cary, NC) MEANS procedure was used to create descriptive statistics for meat quality traits under investigation. Using the R package “ggpubr”, the sample distribution was represented as a frequency distribution histogram. The R function “PerformanceAnalytics” carried out the phenotypic correlation analysis. The genetic correlations and genome heritability for six meat quality traits were estimated using the GCTA software (Yang et al., 2011).
SLAF library construction and sequencing
SLAF library construction and sequencing were performed as described previously (Wang et al., 2022a; Wang et al., 2022b). In short, using the phenol-chloroform extraction procedure, genomic DNA was isolated from ear tissue samples. Concentration and purity were then determined using the NanodropTM 2000 spectrophotometer (Thermo Scientific, Waltham, MA, USA) and electrophoresis. An electronic digestion prediction experiment used the pig genome (Sscrofa 11.1_102, ftp:/ftp.ensembl.org/pub/release-102/) as the reference genome. RsaI and HaeIII restriction enzyme combinations were selected to digest eligible genomic DNA according to the selection principle of the enzyme digestion scheme (Sun et al., 2013). The enzyme digested fragment (SLAF tag) was treated by adding single-nucleotide A to the 3′end, and fragments were then ligated to the dual index (Kozich et al., 2013) sequencing adaptors, Adaptor-ligated fragments were then amplified by PCR, purified, pooled, and screened to construct the SLAF library. Meanwhile, to test the validity of the experimental procedure, we also subjected the control genome (Oryza sativa spp. japonica; 374.30 Mb; http://rapdb. dna.affrc.go.jp/) to the identical sequencing procedure. Briefly, SLAF library construction and sequencing for each individual was carried out as previously described (Sun et al., 2013) with a few minor modifications: target DNA fragments of sizes from 314 to 344 base pair (bp) were selected as SLAF tags and used for paired-end sequencing on an Illumina HiSeq 2,500 platform (Illumina, Inc., San Diego, CA, USA) at Beijing Biomarker Technologies Corporation in Beijing, China.
Dual-Index software was used to examine the raw SLAF-seq data in order to acquire the raw sequencing reads for each sample (Kozich et al., 2013). After removing the adapter reads, the guanine-cytosine (GC) content and Q30 (Q = −10 × log10 p) were measured to assess the sequencing accuracy. And then, raw paired-end reads were aligned to the pig reference genome (Sscrofa 11.1_102) using BWA software (Li and Durbin, 2009). Polymorphic SLAFs exhibited sequence polymorphisms between distinct samples.
Identification of SNPs
SNP throughout the entire genome were generated as described previously (Wang et al., 2022a; Wang et al., 2022b). In short, SNP loci were found based on information from polymorphic SLAF tags using predominantly GATK (McKenna et al., 2010). Based on clean reads mapped to the reference genome, local realignments and base recalibration were conducted, and SNPs were detected using GATK software (McKenna et al., 2010). The SAMtools software (Li et al., 2009) was used to detect SNPs in addition to GATK to guarantee the accuracy of the SNPs detected. As the trustworthy set of SNPs to be subjected to the following analysis, we chose the intersection of SNPs found by both GATK and SAMtools. PLINK two software (Purcell et al., 2007) was utilized to filter SNPs according to minor allele frequency (MAF: 0.05) and integrity (int: 0.8). Ultimately, highly consistent population SNPs were detected for GWAS.
Genome-wide association study (GWAS)
A GWAS was carried out to identify the underlying SNP loci or genes linked to meat quality traits in four-way crossbred pigs. Based on the filtered SNPs (227,921 SNPs) and six meat quality phenotypic data, an association analysis was carried out. We used mixed linear model (MLM) of GEMMA software (Zhou and Stephens, 2012) to detect the SNPs associated with meat quality traits. The MLM formula of GEMMA software was as follows:
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Where y was an n×1 vector of phenotype in the four-way crossbred pig population; x was an n×1 vector of marker genotypes, W was the matrix of population structure calculated by the ADMIXTURE software (Alexander et al., 2009), and Z was the matrix of the kinship relationship calculated using GCTA software (Yang et al., 2011). α was the vector of fixed effects; β were the marker effects; μ was random effects and ε was the vector of residuals. Finally, for each variant site, an association result could be attained. Bonferroni correction (BC) approach (Zhou and Stephens, 2012) was used for multiple tests in the study. Markers with adjusted −log10 (p) > 5 (control threshold) were regarded to be significant SNPs for meat quality traits (Wang et al., 2022a; Wang et al., 2022b). The threshold p-value for genome-wide 1% and 10% significance were 4.39 × 10−8 (0.01/227,921) and 4.39 × 10−7 (0.1/227,921), respectively, according to the number of filtered SNPs (n = 227,921). A marker was deemed to be significantly related to the target trait if it passed the threshold score or above the threshold −log10 p given the complexity of the target traits. Finally, the manhattan and Quantile-quantile (Q-Q) plots of GWAS were drawn using the R package “qqman” (Turner, 2014).
Identification, annotation and functional enrichment analysis of candidate genes
Based on the reference (Xie et al., 2017; Xie et al., 2018), the genes in 10 kb upstream or downstream of significant associated SNPs were considered trait-associated potential candidate genes. Using the Ensembl Sscrofa11.1 database (www.ensembl.org), the relevant information of genes within 10 kb upstream or downstream of each significant SNP was obtained. Using Gene Ontology Consortium (http://geneontology.org), GO annotation results of candidate genes were then obtained. GO and KEGG enrichment analyses were performed based on genes located 10 kb upstream and downstream of significant SNPs using the database for annotation, visualization, and integrated discovery (DAVID v6.8, https://david.ncifcrf.gov/). GO terms and KEGG pathways with the threshold p-value ≤ 0.05 were regarded to be significantly enriched.
Haplotype block analysis
Haplotype block analysis was performed with LDBlockShow software (Dong et al., 2021). LD (r2) value between SNP pairs>0.7 was defined as a LD block.
RESULTS
Phenotype description and genomic heritability for meat quality traits
The statistical data on the six meat quality traits are shown in Table 1. The mean values for PH45, MC, MA, WL, CL, and DL were 6.16%, 3.26%, 2.91%, 15.95%, 39.30%, and 2.27%, respectively. The coefficient of variation (CV) for the six meat quality traits were 4.96, 14.77 19.22, 21.02, 8.12, and 53.40, respectively. The results, therefore, indicated that four-way crossbred pig populations in meat quality traits, especially DL had extraordinary genetic variation. The genomic heritability estimates based on SNP for six meat-quality traits ranged from 0.07 (CL) to 0.47 (DL). The trait distributions are shown in Supplementary Figure S2.
TABLE 1 | Phenotype and heritability statistics for six meat quality traits in crossbred pigs.
[image: Table 1]Correlation among meat quality traits
The phenotypic correlation coefficients for PH45, MC, MA, WL, CL, and DL are showed in Table 2. The results showed that WL had the strongest positive correlation with CL (r = 0.38, p < 0.001). WL had the strongest negatively correlated with PH45 (r = −0.22, p < 0.001). The six meat quality traits showed low to medium phenotypic correlation (0.01<|r |<0.38), indicating that there was no strong phenotypic correlation between the six meat quality traits. The genetic correlations among six meat quality traits are shown in Table 3.
TABLE 2 | Phenotypic correlations for six meat quality traits in crossbred pigs.
[image: Table 2]TABLE 3 | Genetic correlations for six meat quality traits in crossbred pigs.
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A total of 223 individuals were genotyped and descriptive statistics of the sequence data were presented in our previous study (Wang et al., 2022a; Wang et al., 2022b). In short, a total of 1,190.92 million paired-end reads were obtained. The average value of Q30 and GC content were 90.74% and 44.83%, respectively (Supplementary Table S1), demonstrating that our sequencing results were reliable. Furthermore, a total of 1,552,377 SLAF tags were identified, with 331,608 average SLAFs for accessions. The average sequencing depth of accessions was 11.94 fold (Supplementary Table S2), which guaranteed the accuracy of subsequent analysis. In addition, Oryza sativa indica was used as a control during sequencing. The results showed that the enzyme digestion normally efficiency and paired-end comparison efficiency of control data were 90.77% and 95.4%, respectively, indicating that the construction of SLAF libraries was normal.
After genomic mapping and SNP calling, a total of 16,997 polymorphic SLAFs were detected across the accessions. Furthermore, 10,784,484 SNPs in all were identified for all individuals. Based on the selection criteria (integrity>0.8; MAF>0.05), a series of quality control filtering of SNPs was carried out to identify 227,921 SNPs used in the subsequent study. Supplementary Figure S3 displayed the density distribution of the filtered and total SNPs across the entire pig genome. SNPs were found in almost all of the non-overlapping 1 Mb regions of the genome. The density distribution of total SNPs and filtered SNPs were calculated on each Sus Scrofa autosome and are shown in Table 4. The filtered SNP density across the 18 Sus Scrofa chromosomes was one SNP every 10.28 kb on average, demonstrating the data was reliable.
TABLE 4 | SNPs distribution on each Sus Scrofa chromosome.
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To lessen the impact of population structure and boost the accuracy of GWAS results, the MLM was used to perform GWAS for six meat quality traits. GWAS could be impacted by population stratification, hence quantile-quantile (Q−Q) plots of six meat quality traits were drawn. The Q−Q plot of each trait was shown following the Manhattan plot of the corresponding traits (Figures 1, 2). A total of 64 SNPs were identified as significant (p < 1.0 × 10−5) for the traits studied using MLM (Supplementary Table S3). The genomic inflation factor (λ) at each trait ranged from 1.03 to 1.07.
[image: Figure 1]FIGURE 1 | Manhattan plots and QQ plots for pH45, MC and MA using MLM. (A) pH45 (B) MC (C) MA. Negative log10 p-value of the filtered high-quality SNPs were plotted against their genomic positions; The dashed lines of green, orange and blue correspond to the Bonferroni-corrected thresholds of p = 1.00 × 10−5 (−log10 p = 5), p = 4.39 × 10−7 (−log10 p = 6.36), and p = 4.39 × 10−8 (−log10 p = 7.36), respectively; λ, Genomic inflation factor.
[image: Figure 2]FIGURE 2 | Manhattan plots and QQ plots for WL, CL and DL using MLM. (A) WL (B) CL (C) DL. Negative log10 p-value of the filtered high-quality SNPs were plotted against their genomic positions; The dashed lines of green, orange and blue correspond to the Bonferroni-corrected thresholds of p = 1.00 × 10−5 (−log10 p = 5), p = 4.39 × 10−7 (−log10 p = 6.36) and p = 4.39 × 10−8 (−log10 p = 7.36), respectively; λ, Genomic inflation factor.
Among the detected SNPs, three, three, five, three, three, and forty-seven SNPs were significantly associated with PH45, MC, MA, WL, CL and DL, respectively. For pH45, SNPs were distributed in SSC9 (SSC for Sus scrofa chromosome), and SSC18. For MC, SNPs were distributed in SSC1, SSC6 and SSC17. For MA, SNPs were distributed in SSC1, SSC3, SSC5, and SSC13. For WL, SNPs were distributed in SSC6, SSC14, and SSC15. For CL, SNPs were distributed in SSC1 and SSC10. For DL, SNPs were distributed in 14 chromosomes except for SSC11, SSC16, SSC17, and SSC18. The phenotypic variation explained (PVE) by the significant SNPs was from 2.43% to 16.32%. Furthermore, 30 genes were thought to be potential candidate genes that were located within 10 kb up- or down-stream of these significant SNPs (Supplementary Table S3).
pH45
GWAS results showed that three SNP loci identified were significantly related to PH45. Among them, the SNP (SSC9:43364767) was not located in any genes. The significant SNP (rs321002713) on SSC18 explained 11.32% phenotypic variance, which was located within GRM8, a protein-coding gene.
MC and MA
A total of three SNPs were significantly associated with MC. The two significant SNPs, rs327814455 on SSC1 and rs690751971 on SSC6, were located within ANKRD6 and ENSSSCG00000032113, respectively. Among, the rs327814455 explained 10.75% phenotypic variance.
For MA, the most significant SNP (rs696643958) on SSC1 was located within ENSSSCG00000004081. The significant SNP (rs341748571) on SSC17 explained 10.47% phenotypic variance, which was located in the MACROD2 gene. The SNP rs325690789 on SSC5 was located within FGD4, and rs342013877 on SSC13 was located 5 kb upstream of the ABCG1 gene.
WL and CL
A total of three SNPs (rs1113389876, SSC14:36676133 and SSC15: 19876509) were significantly associated with WL. The most significant SNP (rs1113389876) on SSC6 was located within the TMEM50A gene and 7.9 kb upstream of the RHCE gene. The significant SNP (rs693644154) on SSC15 was located 2.7 kb upstream of the RRM2 gene.
For CL, the most significant SNP (SSC1: 271857436) was located within the MED27 gene. Furthermore, two nearby significant SNPs (rs331296609 and rs344980768) on SSC10 were located in the PIP4K2A gene. These two SNPs were mapped to one haplotype block spanning 16 bp affecting CL on SSC10 (Figure 3A), which each explained 2.43% of the CL phenotypic variance.
[image: Figure 3]FIGURE 3 | Haploview plots of linkage disequilibrium (r2) between SNPs on pig chromosome. (A) A region on SSC10 (106.40 kb) contained a haploview block with two significant SNPs related to CL (B) A region on SSC2 (31.45 kb) contained a haploview block with two significant SNPs related to DL. Values in the diamond are r2 values between SNPs. The darker the color, the stronger the correlation between two SNPs.
DL
A total of 47 significant SNPs were identified for DL. Among these SNPs, two SNPs (rs321165533 on SSC6 and rs323693055 on SSC13) exceeded the 1% genome-wide significance level. The SNP rs321165533 explained 14.55% phenotypic variance, which was located within the CDYL2 gene. Eight SNPs (AEMK02000361.1:578806, rs337747094 on SSC3, rs320599347 on SSC4, rs333401534 and rs327130062 on SSC8, SSC10:59940478, rs326956966 on SSC12, and rs703586532 on SSC13) exceeded the 10% genome-wide significance level. Among these significant SNPs, two nearby SNPs on SSC13 (rs323693055 and rs703586532) were located in the CHL1 gene. The rs703586532 and rs323693055 explained 11.58% and 13.46% phenotypic variance, respectively. The SNP rs320599347 was located within the ABCA4 gene.
On SSC6, two adjacent significant SNPs (rs326829022 and rs1112488011) were located within FA2H. On SSC3, four nearby significant SNPs were located in a region from 7863132 to 7863391 bp (0.26 kb interval), which were located within the ZAG gene. Two adjacent significant SNPs (SSC2:25635102 and SSC2:25635114) were located within SLC1A2. The two significant SNPs were mapped to one haplotype block spanning 12 bp affecting DL on SSC2 (Figure 3B), which each explained more than 9% of the DL phenotypic variance. Additionally, the rs327708082 on SSC2 explained the highest DL phenotypic variance (16.32%), which was located within the SIL1 gene.
Furthermore, several significant SNPs explained more than 13.35% phenotypic variance, which were not located any known genes, including rs345860122 on SSC4 (13.48% PVE for DL), rs324617714 and rs325613231 on SSC7 (13.35% PVE for DL).
Comparison with previously reported QTL in pigs
The Pig Quantitative Trait Locus (QTL) Database (Pig QTLdb, https://www.animalgenome.org/cgi-bin/QTLdb/SS/index, 25 Apr 2022) was searched based on SNP and QTL locations to evaluate if QTLs linked to meat quality traits in this study repeat any previously reported QTLs. A total of 64 SNPs significantly associated with meat quality traits in four-way crossbred pigs were identified using the MLM, of which 24 SNPs were located in previously reported QTL regions that were associated with the meat quality traits of pigs (Supplementary Table S4). Three QTLs, including 9.35-Mb (262.87–272.22Mb) on SSC1, 5.29-Mb (7.60–12.89Mb) on SSC6, and 0.09-Mb region (63.38–63.47Mb) on SSC9 for DL were identified.
GO annotation and functional enrichment analysis of candidate genes
The result of GO annotation showed that ENSSSCG00000004081 participated in muscle cell differentiation and actin filament binding. ABCG1 was involved in negative regulation of lipid storage, response to lipid and phospholipid homeostasis. The GO annotation results of other genes are shown in Supplementary Table S3.
Furthermore, two GO terms (actin binding and photoreceptor outer segment) and one KEGG pathway (ABC transporters) were significantly enriched (p-value ≤ 0.05) (Table 5).
TABLE 5 | Significant GO terms and KEGG pathways associated with meat quality traits in crossbred pigs (p ≤ 0.05).
[image: Table 5]DISCUSSION
In this study, we used SLAF-seq technology to obtain 227,921 highly consistent SNPs. Previous studies have proven the advantage of the SLAF-seq method in the GWAS, genetic diversities analysis, and construction of genetic map for animals and plants (Qi et al., 2014; Li et al., 2017; Qin et al., 2020; Yang et al., 2020; Li et al., 2021; Mandozai et al., 2021). SLAF-seq technology can obtain more genomic variation sites than SNP chips, detect novel mutation sites and provide high SNP coverage at a low cost. However, SLAF-seq technology obtains fewer numbers of molecular markers compared with WGS technology. In further study, we used genome re-sequencing technology to attain genome-wide genetic variation, and provided opportunities for understanding more comprehensively and accurately the genetic architecture of pig meat quality traits. Furthermore, these SNPs were used to calculate genetic parameters for six meat quality traits. The genomic heritability estimates based on SNP for six meat-quality traits were low or moderate (0.07–0.47) (Table 1), which was similar to the results of previous studies (Lo et al., 1992; Miar et al., 2014; Gao et al., 2021). The results showed that these meat-quality traits could be genetically improved. There were a high negative genetic correlation (−1.00 ± 1.66) between DL with pH45 and a positive correlation (0.33 ± 0.29) between DL with CL (Table 3), which was similar to the results of the previous studies (Gjerlaug-Enger et al., 2010; Miar et al., 2014). In addition, there were a high positive genetic correlation between MC and MA (1.00 ± 0.42), which was similar to the results of a previous study (Gjerlaug-Enger et al., 2010). There were a high positive genetic correlation (1.00 ± 0.20) between WL and CL, was similar to results of a previous study (Fernández-Barroso et al., 2020). Besides, they had the highest phenotypic correlation (r = 0.38; p < 0.001).
The standard deviation (SD) of phenotypic values for PH45, MC, and MA were 0.31, 0.48, and 0.56, respectively, which were similar to the results of Gao et al. (2021). Gao et al. found that SD for PH45, MC, and MA were 0.37, 0.55 and 0.61, respectively, in a three-way crossbred commercial pig population. The SD for WL and CL was 3.35 and 3.19, respectively, which were less than the previous studies, including 5.3 for WL in a Korean Native × Landrace F2 cross population (Lee et al., 2012), and 4.17 for CL in a specially designed heterogeneous F6 pig population (Ji et al., 2018). The SD for DL was 1.21, which was more than the previous studies, including 0.33 for DL in a White Duroc × Erhualian F2 population (Ma et al., 2013), and 2.0 and 2.26 for DL in a Korean Native × Landrace F2 cross population (Choi et al., 2011; Lee et al., 2012). Interestingly, the phenotypic variation explained (PVE) of all significant SNPs detected in this study is greater than 2.43%. Among them, the PVE of 26 SNPs was even greater than 10%. The higher PVE of these molecular markers implies that these markers could be used in molecular marker-assisted selection and genome selection in pigs to increase pork quality. Besides, the genomic inflation factor (λ) at each trait ranged from 1.03 to 1.07 (Table 1), and none of the Q−Q plots showed any sign of inflation, indicating that the MLM effectively controls the false positive result, and effectively lessen the impact of group stratification on GWAS results, which ensure the reliability of GWAS results.
MAF by the significant SNPs was from 0.05 to 0.49 (Supplementary Table S3). Some significant markers had a low MAF (such as rs327708082, MAF = 0.06). The allele with the lowest frequency had large or very small effects on meat quality traits, depending if these allele showed a positive or negative effect. If the allele with the highest frequency has a positive effect, the selection will not work. In view of these problems, further research was needed to carry out.
Comparison of pig populations used in this study with those used in other studies
In previous studies, most of the SNPs and candidate genes for important economic traits of pigs identified based on GWAS mainly used F2 generation populations, which were generated by crossbreeding local pig breeds from different countries with Western lean pig breeds (Liu et al., 2014; Zhang et al., 2014; Cho et al., 2015; Guo et al., 2020; Liu et al., 2020) and purebred pigs (Xiong et al., 2015; Ding et al., 2019; Fabbri et al., 2020; Fu et al., 2020). The F2 generation population is characterized by segregation of traits, large phenotypic variation and more genetic diversity, which is suitable for GWAS. Some studies use white Duroc × Erhualian F2 hybrid pig population to conduct GWAS on growth, fat, meat quality, muscle fiber, body size and body weight traits (Ma et al., 2013; Qiao et al., 2015; Guo et al., 2017; Ji et al., 2017; Guo et al., 2020), and obtained a large number of mutation sites and candidate genes related to the research traits. Besides, two studies used Large White × Minzhu F2 generation population to perform GWAS on meat quality and external traits (Luo et al., 2012; Wang et al., 2014), and identified some SNP loci and candidate genes related to meat quality and external traits. A F2 intercross between Landrace and Korean native pigs was used to perform GWAS for meat quality traits (Lee et al., 2012; Cho et al., 2015). In the present study, three typical Western lean-type pig breeds, Landrace, Yorkshire and Duroc, were hybridized with Saba pig, a Chinese local fat-type pig breed, to establish (Duroc×Saba) × [Yorkshire × (Landrace × Saba)] hybrid segregation population, which was used to perform GWAS for six meat quality traits. The four-way hybrid pig population has greater phenotypic variation and more genetic diversity, is a more ideal population for GWAS than the two-way hybrid population and the purebred pig population.
QTLs identified for meat quality traits
In the present study, 64 SNPs in all were detected using MLM as significant for the meat quality traits studied, of which 24 SNPs were located in previously reported QTL regions for meat quality traits in pigs. Three genomic regions, including 9.35-Mb (262.87–272.22Mb, 3SNPs) on SSC1, 5.29-Mb (7.60–12.89Mb, 3SNPs) on SSC6, and 0.09-Mb region (63.38–63.47Mb, 4SNPs) on SSC9 for DL were located in previously reported QTL regions on SSC1, 6 and 9 for DL (Malek et al., 2001; Thomsen et al., 2004; Liu et al., 2008). Besides, some significant SNPs overlapped with previously reported QTL regions on SSC9 and SSC18 for pH (Harmegnies et al., 2006; Edwards et al., 2008), on SSC6 for MC (Edwards et al., 2008; Li et al., 2010), on SSC1, 5 and 17 for MA (Rohrer et al., 2005; Cho et al., 2015), on SSC6 for water holding capacity (Su et al., 2004). Among SNPs, 40 SNPs had not been included in any previously reported QTLs for meat quality traits (Supplementary Table S4). Two novel QTLs significantly associated with DL, including a 0.08-Mb region (72.91–72.99Mb) on SSC5, a 3.6-Mb region (53.28–56.88Mb) on SSC13 (Supplementary Table S4). In different studies, depending on the specific genetic backgrounds and sample size, different QTLs may be mapped. Moreover, measuring the phenotype of pork quality is a challenge, and different studies may not be measuring exactly the same location of the muscle for meat quality traits. This could contribute to the differences between studies.
Additionally, a 0.36-Mb region (271.86–272.22Mb) on SSC1 was identified as being significantly associated with CL and DL, containing SSC1:271857436 for CL, and rs710333950 and rs326037487 for DL (Supplementary Table S4). A 9.08-Mb region (24.41–34.49 Mb) on SSC17 was identified as being significantly associated with MC and MA, containing rs341748571 for MA, and rs1112200844 for MC (Supplementary Table S4). The findings suggested that certain chromosomal regions might have varying effects on different meat quality traits. Low phenotypic correlation coefficients (r = 0.14; p < 0.05) and low genetic correlation (0.33 ± 0.29) (Table 3) between CL and DL were founded. Furthermore, low phenotypic correlation coefficients (r = 0.18; p < 0.01) and High genetic correlation (1 ± 0.42) (Table 3) between MC and MA were founded. As a result, the correlation between the two traits might help to partially account for the pleiotropic effects in the region.
Candidate genes for six meat quality traits
Candidate genes for pH45
Pork pH can affect the quality of meat. Abnormal pork pH will lead to the production of PSE (Pale, Soft, Exudative) or DFD (Dark, Firm, Dry) meat. We identified three significant SNPs as being significantly associated with pH45. Among which, the significant SNP (rs321002713) on SSC18 was located within glutamate metabotropic receptor 8 (GRM8). The GRM8 gene encodes a G protein-coupled metabotropic glutamate receptor involved in glutamatergic neurotransmission in the central nervous system (Nakanishi, 1994; Duvoisin et al., 1995). Group III of the eight different metabotropic glutamate receptors, which are connected to the suppression of the cyclic AMP cascade, includes the GRM8 receptor. (Nakanishi, 1992). A study finds that GRM8 is a porcine candidate gene related to muscling and a SNP in the GRM8 gene also displayed a strong association with the loin eye area of pigs (Li et al., 2011). GRM8 was also associated with the relative area of longissimus dorsi muscle fiber type I and was considered a plausible candidate gene for this trait (Guo et al., 2020). Perhaps, the GRM8 gene expressed in longissimus dorsi muscle may be a potential candidate gene for porcine pH traits.
Candidate genes for MC
Meat color is a complex trait that depends on the amount of pigment present, the muscle tissue’s structural characteristics, and the pace of muscle acidification (Fan et al., 2008; Mármol-Sánchez et al., 2020). The significant SNP (rs327814455) on SSC1 was located within Ankyrin repeat domain-containing protein 6 (ANKRD6). ANKRD6 belongs to the ankyrins gene family. Ankyrins are a family of structural proteins that include binding sites for cytoskeleton proteins and a variety of integral membranes (Gallagher et al., 1997). Ankyrin interactions allow the cytoskeleton to be attached to the plasma membrane (Rubtsov and Lopina, 2000). Van Deveire et al. (2012) have demonstrated that ANKRD6 is related to the cross-sectional area of human muscle. Particular muscle phenotypes have been linked in certain studies to genetic variations in the Ankyrin genes. A study shows that SNPs in the bovine Ankyrin 1 (ANK1) promoter region have been linked to intramuscular fat levels and tenderness of beef (Horodyska et al., 2015). SNPs in pig ANK1 show relationships with shear force, pH, water-holding capacity, and intramuscular fat (IMF) (Wimmers et al., 2007). In pig muscle with excessive fat, the Ankyrin repeat and sterile alpha motif domain containing 1B (ANKS1B) gene was found to be a significantly upregulated expression (Hamill et al., 2012). Additionally, it has been discovered that the expression of Ankyrin repeat domain 1 (ANKRD1) in pig muscle correlates with the ultimate pH (Damon et al., 2013). Consequently, the Ankyrin gene ANKRD6 should be considered a strong candidate gene for the porcine multiple meat quality traits, containing MC.
Candidate genes for MA
The marbling score is closely related to intramuscular fat content (IMF). A low marbling score will affect the pork quality and flavor. The most significant SNP (rs696643958) on SSC1 was located within ENSSSCG00000004081. GO annotation result showed that the gene participated in muscle cell differentiation and actin filament binding (Supplementary Table S3). The deposition of fat in muscle is closely related to the growth and development of the muscle (Lai et al., 2004). Thus, the gene may be involved in growth of the muscles and thus affect the fat deposition. On SSC17, one significant SNP (rs341748571) was located within Mono-ADP ribosylhydrolase 2 (MACROD2). The MACROD2 gene encodes the mono-ADP-ribosyltransferase two catalyzing ADP-ribosylation (Feijs et al., 2013). ADP-ribosylation is a post-translational modification participating in a number of biological processes, such as the regulation of transcription, immune cell function, and DNA repair (Kraus and Hottiger, 2013). Some studies find the MACROD2 gene located at BTA13 which is related to net meat weight in beef cattle (Niu et al., 2021) and may also be affected meat color traits in Nellore cattle (Marin-Garzon et al., 2021). Besides, Ma et al. (2019) find that the MACROD2 gene may affect porcine backfat thickness traits by affecting fat metabolism. Therefore, the MACROD2 gene can be considered a candidate gene for the porcine MA.
Another significant SNP (rs342013877) on SSC13 was located 5 kb away from ATP binding cassette subfamily G member 1 (ABCG1). In the study, GO annotation results showed that the ABCG1 gene was involved in negative regulation of lipid storage, response to lipid and phospholipid homeostasis. The ABCG1 gene has been known to be associated with controlling cellular lipid levels (Kennedy et al., 2005). Adipocyte ABCG1 can promote lipid accumulation by regulating the lipoprotein lipase (LPL) bioavailability and fat mass growth in a triglyceride (TG)-rich environment (Frisdal et al., 2015). Thus, the ABCG1 gene also can be considered a strong candidate gene for the pork MA based on its biological functions.
Candidate genes for WL
Pork WL is closely related to the water holding capacity of meat, which is affected by the speed and degree of pH decline, protein hydrolysis and even protein oxidation post-mortem (Huff-Lonergan and Lonergan, 2005). The MLM identified the most significant SNPs on SSC6 for WL and the SNP was located in Transmembrane protein 50A (TMEM50A). A study shows that the related gene TMEM217 is associated with meat color (Ma et al., 2013). Besides, in mice, adipocyte metabolism and differentiation are impacted by the related genes TMEM120A and TMEM120B, which are significantly expressed in fat (Batrakou et al., 2015). Additionally, TMEM60 and TMEM236 are two other homologous genes related to marbling fat and fat color in cattle, respectively (Lim et al., 2014). Although no studies have shown that TMEM50A played a role in meat quality, it might be regarded as a possible candidate gene for WL. The significant SNP on SSC15 was located 2.7 kb upstream of ribonucleotide reductase regulatory subunit M2 (RRM2). The result of GO annotation showed that RRM2 was involved in deoxyribonucleotide biosynthetic process and oxidation-reduction process (Supplementary Table S3). A study finds that inhibitors of RRM2 can inhibit cell proliferation (Heidel et al., 2007). At present, there was no direct evidence to prove that RRM2 was related to WL.
Candidate genes for CL
The CL can affect the juiciness and appearance of the pork (Aaslyng et al., 2003). The two adjacent SNPs on SSC10 for CL were located within phosphatidylinositol-5-phosphate 4-kinase type 2 alpha (PIP4K2A). Previous studies have shown that the two SNPs (ASGA0048292 and ASGA0048295) of PIP4K2A were associated with meat quality of pigs (Lee et al., 2014). PIP4K2A is related to the fatty acid composition of backfat in three crossbred pigs (Crespo-Piazuelo et al., 2020). The PIP4K2A gene controls the body responsiveness to insulin, and mutations in the PIP4K2A gene can make the skeletal muscle more sensitive to insulin (Carricaburu et al., 2003). This directly leads to an increase insulin-stimulated glucose transport in muscle (Lamia et al., 2004). Perhaps, PIP4K2A might influence meat quality-related traits by affecting glucose transport in muscle. Thus, PIP4K2A could be considered a candidate gene for CL.
Candidate genes for DL
Drip loss is one of the important indicators to assess pork quality, which is related to ultimate pH, rate of post-mortem pH fall, residual ATP levels, glycolysis rate post-mortem, and activity of several enzymes (Lawrie and Ledward, 2006). The most significant SNP (rs321165533) on SSC6 for DL was located within chromodomain Y-like 2 (CDYL2). GO annotation results showed that CDYL2 was involved in catalytic activity and metabolic processes. A study finds that CDYL2 is related to porcine teat number (Liu et al., 2022).
Two nearby SNPs (rs703586532 and rs323693055) on SSC13 were located in cell adhesion molecule L1 like (CHL1). The study finds that CHL1 can regulate the cell cycle via the p53 pathway and inhibit cell proliferation through the ERK pathway, and was associated with insulin secretion and glucose metabolism (Jiang et al., 2020). Thus, CHL1 can be considered a strong candidate gene for DL. The SNP rs320599347 on SSC4 was located within ATP binding cassette subfamily A member 4 (ABCA4). ABCA4 is a member of the ABCA subfamily of ATP-binding cassette transporters participating in the transport of phosphatidyle thanolamine (Quazi and Molday, 2013). GO annotation result showed that ABCA4 participated in phospholipid-translocating ATPase activity, phospholipid translocation, and phospholipid transfer to membrane (Supplementary Table S3). On SSC6, two adjacent significant SNPs were located within fatty acid 2-hydroxylase (FA2H), which was participated in fatty acid biosynthetic process, lipid modification, and regulation of cell proliferation (Supplementary Table S3). In 3T3-L1 adipocytes, FA2H modulates the diffusional mobility of lipids linked with Raft and lipogenesis (Guo et al., 2010).
Furthermore, four nearby significant SNPs on SSC3 were located in a region of 0.26 kb, which were located within zinc-alpha-2-glycoprotein (ZAG), which is a glycoprotein included in the class I family of the major histocompatibility complex (MHC). Several studies show that ZAG is related to lipid loss (Bao et al., 2005) and lipid metabolism (Garrido-Sanchez et al., 2012) and also stimulates the expression of adiponectin (Gohda et al., 2003). Besides, two adjacent significant SNPs on SSC2 were located in solute carrier family 1 member 2 (SLC1A2). Researchers report that the related genes SLC15A4 c.658AA genotype has better water-holding capacity (D'Astous-Page et al., 2017). Besides, some previous studies find that genes of the solute carrier family (SLC), such as SLC25A17 and SLC9A7 are associated with meat color, drip loss, and intramuscular fat, respectively (Ma et al., 2013), and SLC37A3 and SLC24A5 are related to meat color (Iqbal et al., 2015; Gao et al., 2021), and SLC4A8 and SLC7A10 are associated with purge loss (Nonneman et al., 2013). In addition, it has been reported that SLC37A4 and SLC3A2 are promising candidate genes affecting DL (Ponsuksili et al., 2008; Heidt et al., 2013; Zhao et al., 2019). A large of research suggesting genes of the solute carrier family play important role in regulating DL. Thus, it was inferred that the SLC1A2 gene could be considered a strong candidate gene for pork DL. Finally, the rs327708082 on SSC2 explained the highest DL phenotypic variance (16.32%), which was located in the SIL1 nucleotide exchange factor (SIL1) gene. SIL1 related to stress protection, and moderately increased SIL1 also ameliorates cellular fitness under stress conditions (Labisch et al., 2018).
However, more pig populations need to be used to verify these SNP loci and candidate genes, and more pig biological experiments need to be conducted to confirm their functions.
CONCLUSION
We conducted a GWAS based on SLAF-seq for six meat-quality traits in 223 four-way crossbred pigs. A total of 64 SNPs distributed on 16 chromosomes were identified using MLM (p < 10–5), of which 24 SNPs were located in previously reported QTL regions. Three QTLs were identified to be related to DL: 0.08-Mb region on SSC5 (72.91–72.99Mb), 3.6-Mb region on SSC13 (53.28–56.88Mb), and 0.09-Mb region on SSC9 (63.38–63.47Mb). Some novel candidate genes for meat quality traits were identified, including pH45 (GRM8), MC (ANKRD6), MA (MACROD2 and ABCG1), WL (TMEM50A), CL (PIP4K2A), and DL (CDYL2, CHL1, ABCA4, ZAG and SLC1A2). Overall, the study presented substantial new evidence for the involvement of several candidate genes in different pork quality traits. These SNPs and candidate genes identified in the study provided a basis for molecular marker-assisted breeding and improvement for meat quality traits in pigs.
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Supplementary Figure S1 | Establishment flow plot of (Duroc×Saba) × [Yorkshire × (Landrace × Saba)] crossbred pig population.
Supplementary Figure S2 | Frequency distribution histogram for six meat quality traits. (A) PH at 45 min post mortem ( PH45). (B) Meat color score (MC). (C) Marbling score (MA). (D) Water loss rate (WL). (E) Cooking loss (CL). (F) Drip loss (DL).
Supplementary Figure S3 | The density distribution of total SNPs and filtered SNPs on Sus Scrofa chromosomes. (A) The number of total SNPs within 1 Mb window size. (B) The number of filtered SNPs within 1 Mb window size. The horizontal axis (X-axis) showed the chromosome length (Mb). The color index indicated the number of labels.
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The Brangus cattle were developed to utilize the superior traits of Angus and Brahman cattle. Their genetic compositions are expected to be stabilized at 3/8 Brahman and 5/8 Angus. Previous studies have shown more than expected Angus lineage with Brangus cattle, and the reasons are yet to be investigated. In this study, we revisited the breed compositions for 3,605 Brangus cattle from three perspectives: genome-wise (GBC), per chromosomes (CBC), and per chromosome segments (SBC). The former (GBC) depicted an overall picture of the “mosaic” genome of the Brangus attributable to their ancestors, whereas the latter two criteria (CBC and SBC) corresponded to local ancestral contributions. The average GBC for the 3,605 Brangus cattle were 70.2% Angus and 29.8% Brahman. The K-means clustering supported the postulation of the mixture of 1/2 Ultrablack (UB) animals in Brangus. For the non-UB Brangus animals, the average GBC were estimated to be 67.4% Angus and 32.6% Brahman. The 95% confidence intervals of their overall GBC were 60.4%–73.5% Angus and 26.5%–39.6% Brahman. Possibly, genetic selection and drifting have resulted in an approximately 5% average deviation toward Angus lineage. The estimated ancestral contributions by chromosomes were heavily distributed toward Angus, with 27 chromosomes having an average Angus CBC greater than 62.5% but only two chromosomes (5 and 20) having Brahman CBC greater than 37.5%. The chromosomal regions with high Angus breed proportions were prevalent, tending to form larger blocks on most chromosomes. In contrast, chromosome segments with high Brahman breed proportion were relatively few and isolated, presenting only on seven chromosomes. Hence, genomic hitchhiking effects were strong where Angus favorable alleles resided but weak where Brahman favorable alleles were present. The functions of genes identified in the chromosomal regions with high ([image: image]) Angus compositions were diverse yet may were related to growth and body development. In contrast, the genes identified in the regions with high ([image: image]) Brahman compositions were primarily responsible for disease resistance. In conclusion, we have addressed the questions concerning the Brangus genetic make-ups. The results can help form a dynamic picture of the Brangus breed formation and the genomic reshaping.
Keywords: admixture model, ancestry, composite animals, genomic hitchhiking, linkage disequiblibrium, SNP
INTRODUCTION
Brangus beef cattle were developed to combine the desirable traits of Angus and Brahman cattle. Angus cattle are well known for their superior carcass qualities, and Angus cows have excellent fertility and milking capability. The Brahman cattle have developed disease resistance, overall hardiness, and outstanding maternal instincts thanks to rigorous natural selection. The crossbreeding to create the Brangus breed dated to 1932, according to the USDA 1935 Yearbook in Agriculture. Yet, Brangus registration by the International Brangus Breeders Association (IBBA) started in 1949. For official registration, a Brangus animal needs to be genetically stabilized at 3/8 Brahman and 5/8 Angus by pedigree, be solid black or red, and be polled (Briggs and Briggs, 1980). Both sire and dam must be recorded with IBBA (San Antonio, TX). Hence, knowing the breed compositions of individual animals is a requisite to official animal registrations. Such information also allows for utilizing the “stable” heterosis to explore methods for predicting heterosis (Akanno et al., 2017), and it permits the implementation of precise animal farming management decisions (Berry, 2019).
After the breed formation, subsequent inter-se mating and selection have been conducted with Brangus over time. For example, the United States IBBA has developed expected progeny differences (EPD) for quantitative traits, such as birth weight, weaning weight, yearling weight, milk production, total maternal calving ease, and intramuscular fat. Likely, artificial selection pressure employed at varying levels on these traits of interest in the past decades could have resulted, to some extent, in the deviation of the ancestral genomic proportions in Brangus from the previously targeted ratios. Previous studies showed significantly elevated Angus genomic breed composition (GBC) in Brangus cattle (He et al., 2018; Paim T. D. P. et al., 2020; Paim T. D. P. et al., 2020; Li et al., 2020; Wang et al., 2020; Wu et al., 2020), and the reasons are yet to be revealed. There were several plausible assumptions. For example, it was postulated that selecting Brangus for Angus favorable traits (e.g., carcass, growth, feed efficiency) could increase the genomic breed compositions of Brangus cattle toward Angus (Paim T. D. P. et al., 2020; Wu et al., 2020). In theory, the proportion of actual genotypes passed from one generation to the next can vary between individuals owing to Mendelian sampling, genetic recombination rate and linkage disequilibrium (LD) (Falconer and Mackay, 1996). Hence, selecting Brangus for traits more prevalent in Angus (e.g., carcass, growth, feed efficiency) can favor Angus alleles, sweeping more ‘Angus’ haplotypes to further generations. Another possible reason could be the mixture of 1/2 Ultrablack (UB) animals (i.e., the first-generation progenies derived from Brangus [image: image] Angus), which are expected to have 81.25% Angus lineage. In October 2005, the International Brangus Breeders Association (IBBA) board of directors approved the creation of the Ultrablack and Ultrared (UR) program to take advantage of the strengths of the Brangus and Angus or Red Angus breeds, which combine environmental adaptability and maternal excellence of Brangus with the exceptional marbling, calving ease and name recognition of Angus or Red Angus. The UB and UR animals are registered composite animals with a validated and documented lineage between 12.5% and 87.5% Brangus breeding. The remaining 87.5%–12.5% must be a registered Angus to be a UB or a Red Angus to be a UR. The second assumption is likely, yet scientifically supporting evidence is needed. Apart from the possible mixture, the actual genomic breed compositions of Brangus cattle are not known precisely after decades of crossbreeding and selection.
Selection may have left signatures on the genome after the breed formation (Goszczynski et al., 2017; Paim T. D. P. et al., 2020). These genomic regions with selection sweeps can have different breed compositions than expected due to the selective advantages of genes from one of the founders. Paim T. D. P. et al. (2020) evaluated the overall ancestral breed compositions and local ancestral contributions by chromosomes in Brangus cattle. They also related haplotypes to ancestral traits under selection. Such information could lead to a better understanding of how hybridization and crossbreeding systems have shaped the genetic architecture of these composite animals. However, their conclusions were built on small samples of the two founder breeds with genotypes (i.e., 68 Brahman and 95 Angus). Statistically, the inference of allelic frequencies and haplotypes, and, therefore, ancestry origins, are subject to large errors in small samples.
In this study, we revisited the estimation of breed compositions for Brangus cattle from three perspectives, genomic-wise, per chromosome, and per chromosome segment. The genotyped animals in the two ancestral breeds included 20,359 Angus and 509 Brahman cattle. Hence, our sample sizes for the two ancestral breeds were significantly larger than those used by Paim T. D. P. et al. (2020). We took a consistent approach to estimate ancestral breed compositions from the three perspectives; all were assessed with an admixture model. Three measures of breed compositions were defined: 1) genomic-estimated breed compositions (GBC), 2) chromosomal-estimated breed compositions (CBC), and 3) segmental-estimated breed compositions (SBC). Note that the latter two quantities corresponded to local ancestral genomic contributions, measured per chromosome and chromosomal regions, respectively. Possible population stratification was inferred based on global ancestral genomic proportions, whereas genomics dynamics due to crossbreeding and selection were visualized through local ancestral contributions.
MATERIALS AND METHODS
Animals and genotype data
The experimental data consisted of 3,605 Brangus cattle, 20,359 Angus cattle, and 483 Brahman cattle. The latter two ancestral breeds were used as the reference populations for estimating GBC for Brangus cattle. All the animals were genotyped with a GeneSeek Genomic Profiling (GGP) bovine 50 K V1 (version 1) chip, except 349 Brahman cattle were genotyped with an Illumina 777 K bovine SNP chip (Table 1). The genotypes were extracted from the Neogen GeneSeek genotyping databases representing samples shared between the Neogen global laboratories. The SNP map positions were based on the UMD 3.1 reference bovine genome assembly (Merchant et al., 2014).
TABLE 1 | Descriptive statistics of genotype data for Brangus and their ancestral breeds (Angus and Brahman)a.
[image: Table 1]Reference SNPs were selected from the common set between the GGP bovine 50 K V1 chip and the Illumina 777 K bovine SNP Beadchip. The data cleaning removed SNPs with a call rate of less than 95%, SNPs on the two sex chromosomes, and SNPs without map position. SNPs violating the Hardy-Weinberg equilibrium (p < 1.0E-8) were also excluded. For SNPs with greater than 0.99 correlations on each chromosome, only the one with higher or the highest minor allelic frequency was kept. When there were ties in allelic frequencies, a random one was taken. The final SNP set retained 41,672 common SNPs for the subsequent analyses. In each ancestral population, outlier individuals were excluded as those with (−2)log (likelihood) exceeding a given cutoff value (i.e., 2.0 by default) (He et al., 2018). This test excluded 37 Angus and 26 Brahman animals from the reference populations. The means and standard deviations of allele A frequencies of the SNPs after data cleaning in the three populations are shown in Table 1. On average, Angus cattle had a higher allele A frequency (0.492) than Brahman cattle (0.431–0.439). The average allele A frequency for Brangus cattle was 0.477, which fell between the two ancestral populations yet closer to Angus. The Angus population had a smaller standard deviation of allele A frequency than the Brahman population. The Brangus cattle had a smaller standard deviation of allele A frequencies than the two ancestral populations (Table 1).
Estimation of breed compositions
Breed compositions were estimated for individual Brangus animals using the admixture model by Bansal and Libiger (2015) (BL-Admixture). This method utilizes the same form of likelihood model as in the STRUCTURE (Pritchard et al., 2000) and ADMIXTURE (Alexander et al., 2009) software packages. However, the BL-Admixture model runs faster. In particular, STRUCTURE takes a Bayesian approach and relies on a Markov Chain Monte Carlo (MCMC) algorithm to sample the posterior distribution, which can extremely computationally intensive with large data. STRUCTURE and Admixture represent unsupervised analysis of the ancestry of multiple individuals and jointly estimate allele frequencies for the ancestral populations and the relative contribution of each ancestral population to each individual’s genome. The BL-Admixture estimates the ancestry for a single individual using information about allele frequencies at a large number of loci for multiple reference populations. The latter allele frequencies are obtained from previous unsupervised admixture analysis, or simply from the reference population assuming no genetic drift and selection after these breeds were formed. We took the latter approach.
Consider one biallelic locus (say j) genotyped on an animal (say i). Assume that allele frequencies on this locus are known for each ancestry breed. The admixture model postulates that a progeny’s genotype at this locus is determined according to an allelic frequency as a weighted average of T reference (ancestry) breeds: [image: image], where [image: image] is the frequency of allele B for the jth SNP in the tth reference population,; [image: image] is the corresponding weight. Then, under the assumption of Hardy-Weinberg equilibrium, the probabilities of observing each genotype ([image: image]) on this animal are the following:
[image: image]
Now, consider [image: image] SNPs genotyped on this animal, assuming their mutual independence. The log-likelihood computed for all the M SNPs measured on the ith animal, denoted by [image: image], is as follows.
[image: image]
where [image: image]. Note that the assumption of mutual independence between SNPs does not hold precisely due to linkage or/and random associations between them. Nevertheless, the admixture model is often robust to this assumption violation because the percentage of SNPs in high LD are rare when using moderate to high-density SNP panels (He et al., 2018; Li et al., 2020).
The admixture coefficients, [image: image], taken to the GBC of animal i attributable to the reference (ancestral) breeds, are obtained using the Broyden-Fletcher-Goldfarb-Shanno (BFGS) method under the restrictions that [image: image]; [image: image] (Nocedal and Wright, 2006). BFGS is a powerful, Quasi-Newton second derivative line search family method to solve non-linear optimization problems. Optimizing the likelihood function of BFGS iteratively removed the non-zero mixing coefficient, which did not significantly improve the model fitting, thus obtaining a concise set of individual mixture coefficients. In the admixture model, the value of each admixture coefficient is bounded between 0 and 1, and the sum of admixture coefficients (GBC) computed for each animal is one under the assumption of 100% genetic contributions by the T ancestral breeds to each animal.
Breed compositions for the Brangus animals were estimated genome-wide, per chromosome, and per chromosomal segment, respectively. The number of reference SNPs per chromosome varied from 712 (chromosome 25) to 2,568 (chromosome 1), and the average distance between SNPs ranged from 0.05 to 0.07 Mb. SBC were obtained on three window sizes: 1 Mb, 5 Mb, and 10 Mb, respectively. The widow sizes were taken arbitrarily yet still based on two factors, the average length of gene in the bovine genome and the minimum number of SNPs to give stable estimates. To minimize the errors in the estimated SBC due to insufficient SNP coverage, chromosomal segments with less than five SNPs were excluded from computing SBC. There were 2,522 1-Mb segments, 518 5-Mb segments, and 269 10-Mb segments, respectively. The average number of SNPs per segment ranged from 15.2 to 18.8 (1 Mb), 72.0 to 91.1 (5 Mb), and 132.0 to 169.1 (10 Mb), respectively (Table 2). Overall, the average R2 LD per segment decreased as the window size increased, ranging from 0.107 to 0.164 on 1 Mb chromosomal regions, from 0.062 to 0.104 on 5-Mb chromosomal regions, and from 0.050 to 0.081 on 10 Mb chromosomal regions (Table 2). The R2 LD on 1-Mb regions also had a larger average standard deviation (0.05) than those on 5-Mb and 10-Mb regions (0.02).
TABLE 2 | Mean and standard deviation (SD) of R2 linkage disequilibrium (LD) among SNPs evaluated by varying window sizes (1 Mb, 5 Mb, and 10 Mb) on each chromosomea.
[image: Table 2]Clustering of brangus cattle
K-means clustering (Jain, 2010) was conducted on the GBC for the 3,605 Brangus cattle to reveal possible population stratifications, where K = 2 and 3, respectively. Initially, the number of clusters K was specified a priori, and randomly assigned all the animals to each of K distinct, non-overlapping clusters as their initial clusters. Then, the K-means algorithm computed the cluster centroid for each cluster, which is a vector of genotype means for the M reference SNPs, and it re-assigned each animal to the cluster whose centroid was the closest. The last two steps proceeded iteratively till the total within-clustering variation, defined by the sum of all the pairwise squared Euclidean distance in each cluster and summed over all the K clusters, was minimized as much as possible (Hartigan and Wong, 1979):
[image: image]
where [image: image] stands of cluster k, and [image: image] is the number of animals in the kth cluster. The K-mean clustering analysis was implemented by the “stats” R package.
Gene set enrichment analysis
Gene ontology (GO) term enrichment analysis, or gene set enrichment analysis, was conducted using the “gprofiler” R package with genes identified in 1-Mb chromosomal regions featuring either ancestral breed. This R package performed functional gene enrichment analysis on the input gene lists, mapped genes to known functional resources, and detected statistically significantly enriched terms. Briefly, chromosomal segments satisfying Angus SBC ≥0.75 or Brahman SBC ≥0.50 were extracted. Both cutoff thresholds represented equal upward GBC deviations (i.e., 12.5%) from their expected values. Then, the gene information was extracted by querying in the Ensembl database according to their chromosomal locations on the selected chromosomal segments. Finally, GO clustering analysis was performed on the gene list generated with the different filters. The annotation databases included Gene Ontology–biological processes, cellular components, molecular function (http://geneontollogy.org/) (Ashburner et al., 2000), and Kyoto Encyclopedia of Genes and Genomes (KEGG; http://www.genome. jp/kegg/) (Kanehisa et al., 2016). Other relevant R packages used in this study included “org. Bt.e.g., db”, “biomaRt” (Smedley et al., 2015), and “clusterProfiler” (Yu et al., 2012). Gene lists were extracted using the “getBM” function in the “biomaRt” R package. Briefly, given a set of filters (e.g., the chromosome number, the start and end positions), it retrieved attributes of all genes in this interval from the BioMart database. The attributes information includes “ensembl gene id”, “chromosome number”, “gene start position”, “gene end position”, and “gene description”, etc. Finally, gene extraction was performed on all eligible SBC fragments, and all extracted genes were merged to form a gene list after removing duplication. Enrichment analysis was then performed. All the QTLs were queried and aggregated in the QTLdb database (Release 49, https://www.animalgenome.org/cgi-bin/QTLdb/BT/index) (Hu et al., 2022).
RESULTS AND DISCUSSION
Genomic-estimated breed compositions
The estimated GBC for the 3,605 Brangus cattle, on average, were 70.2% Angus and 29.8% Brahman (Table 3), which significantly deviated from the officially expected values (i.e., 62.5% Angus and 37.5% Brahman) (p < 2.2e-16). The 95% confidence intervals were 61.1%–85.8% Angus and 14.2%–38.9% Brahman. There were 459 (12.7%) Brangus cattle with Angus GBC ≥80.0% and 19 (0.5%) Brangus cattle with Angus GBC ≥90.0%. Similarly, elevated Angus GBC for the Brangus animals were documented in some previous studies. For example, Paim T. D. P. et al. (2020) estimated that Brangus were 70.4% Angus and 29.6% Brahman based on high-density SNP genotypes (777,962 SNP, BovineHD Beadchip, Illumina, San Diego, CA, United States). Li et al. (2020) showed that Brangus cattle was 69.8%–70.5% Angus and 29.5%–30.2% Brahman based on multiple models, including an admixture model, linear regression, and ridge-regression BLUP, each with a selectively uniform 20 K SNP panel. Wang et al. (2020) proposed using regularized admixture models to estimate GBC for purebred animals to deal with the so-called “Impure Purebred Paradox”, a phenomenon suggesting a higher-than-expected false-negative rate in the identification of purebred animals. They showed that Brangus were, on average, 71.1%–77.1% Angus and 22.9%–28.9% Braham based on various regularized admixture models. Using path analysis model, Wu et al. (2020) showed that Brangus cattle were 68.2%–71.8% Angus and 28.2%–31.8% Brahman. Hence, regardless of the population sizes and the statistical methods used, these studies have consistently pinpointed that significantly higher-than-expected Angus breed proportions in Brangus cattle.
TABLE 3 | Means and standard deviations (SD) of genomic-estimated breed composition (GBC) for the 3,605 Brangus cattle as a single population (K = 1) and as subpopulations according to K-means clustering (K = 2 and 3, respectively)1,2,3.
[image: Table 3]Multiple reasons are likely responsible for the elevated Angus lineage in Brangus. Firstly, population stratification could exist with Brangus, given the fact that the IBBA approved the creation of UB and UR animals in 2005. The density plots of the estimated Angus or Brahman breed proportions in the 3,605 animals were bimodal, which served as preliminary evidence for the Brangus population stratification (Figure 1). Then, K-means clustering was conducted to partition the 3,605 animals into two and three clusters, respectively (Table 3). With K = 2 (i.e., two clusters), the B-1 cluster with a higher average Angus GBC (81.6%) consisted of 713 (19.8%) Brangus cattle, whereas the B-2 cluster with a lower average Angus GBC (67.4%) included 2,892 (80.2%) animals. With K = 3 (i.e., three clusters), the cluster (C-1) with the highest average Angus GBC (82.1%) had 640 (17.8%) Brangus animals. The cluster with the lowest average Angus GBC (67.2%) included 2,584 (71.7%) Brangus animals. In both sets of clustering results (K = 2 versus K = 3), the average Angus GBC for animals in the top Angus composition clusters (B-1 versus C-1) agreed approximately with each other (81.6% versus 82.1%), and they corresponded roughly to the expected Angus breed proportion (81.25%) for the ½ UB animals. We thus suspected that these animals could be the ½ UB animals. Using a path analysis approach, Wu et al. (2020) confirmed that the ½ UB animals were, on average, 81.25% Angus and 18.75% Brahman. The path analysis decomposed the relationships between the ancestors and the composite animals into direct and indirect path effects. The above percentage only accounted for direct effects by the path-analysis interpretation, assuming a zero correlation between the two ancestral breeds (Wu et al., 2020). In reality, however, Angus and Brahman cattle are connected due to sharing common remote ancestors, though the correlation can be low. For example, the correlation of allele A frequencies ranged from 0.05 to 0.10 between the two ancestral breeds, subject to the SNP panel sizes. If considering the indirect path effects, the actual Angus breed proportions for the ½ UB animals could be slightly higher. On the other hand, the two majority clusters, B-2 and C-3, had roughly comparable averages of Angus GBC (67.4% versus 67.2%). These were likely Brangus cattle without the mixture of ½ UB animals. The average Angus breed proportion for non-UB Brangus was 67.4% based on the clustering analysis with K = 2. The 95% confidence interval of Angus breed proportions in Brangus was between 60.4% and 73.5%. Hence, there was, on average, an approximately 5% deviation of GBC toward Angus breed proportions in non-UB Brangus cattle, possibly resulting from selecting Brangus cattle for phenotypes where Angus has advantages. Without selection, genomic-estimated breed compositions would agree approximately with the expected ratios (e.g., Funkhouser et al., 2017; Gobena et al., 2018). Note that ½ UB animals are not precisely registered Brangus. They are officially given a “UB” prefix for registration purposes and are shown on their registered IDs. It is also worth mentioning that the B-2 (or C-3) cluster could include some advanced UB crosses because they had comparable Angus breed proportions as those in the non-UB Brangus cattle in clusters B-2 and C-3. In early 2013, the IBBA further approved the breeding-up of UB (or UR) cattle to registered Brangus. The rule states that an IBBA-registered Brangus sire or dam mated to an IBBA-registered UB or UR sire or dam that results in at least 7/8th (87.5%) Brangus also qualifies as a registered Brangus. For example, mating a ¾ UB animal (i.e., progenies derived from crossing ½ UB animals with Brangus) to a registered Brangus resulted in 7/8 UB animals, which meets the 87.5% Brangus makeup. On average, a 7/8 UB animal was 67.2% Angus. Finally, the average Angus GBC for the animals in cluster C2 was 70.9%, which roughly corresponded to the expected Angus lineage (71.9%) for ¾ UB animals.
[image: Figure 1]FIGURE 1 | Density plots of genomic-estimated Angus (red triangle) and Brahman (blue cross) breed compositions for 3,605 Brangus cattle.
Chromosomal-estimated breed compositions
The ancestral breed proportions were estimated by chromosomes in the 3,605 Brangus (Table 4). Overall, the average estimated CBC per chromosome varied substantially, from 56.9% (chromosome 5) to 79.8% (chromosome 15). Converse to the Angus CBC, the average Brahman CBC was the lowest on chromosome 15 (20.2%) and the highest on chromosome 5 (CBC 43.1%). We noted that the estimated ancestral breed proportions were heavily distributed toward Angus, which agreed with the breeding target for greater Angus “blood” than Brahman. There were 27 chromosomes with Angus CBC greater than 62.5%, but only two chromosomes (5 and 20) had Brahman CBC greater than 37.5%. Our results coincided with a previous study by Paim T. D. P. et al. (2020). They showed that chromosome 15 had the highest Angus proportion (84.7%), and chromosome five had the largest Brahman proportion (43.7%). Still, there were some differences. Paim T. D. P. et al. (2020) used principal component analysis to describe the population relationships. They showed that the first principal components (PC1), which accounted for ancestral breeds, were uniformly distributed between the two ancestral breeds when evaluated on chromosomes 16, 25, and 29. Because the average Brahman breed proportion is expected to be 5/8 (not 5/5), a uniform distribution of PC1 for Brangus between the two ancestral breeds would suggest equal ancestral genomic proportions. Hence, their results were an indication of significant deviates in breed compositions of Brangus toward Brahman on these three chromosomes. A principal analysis is a popular feature-reducing technique for analyzing large, high-dimension data, yet ignoring the detailed information of individual features, which were local ancestral contributions on specific chromosomal regions. In the present study, we directly evaluated breed compositions by chromosomes. Our results showed that only chromosomes 5 and 20 had less than 62.5% Angus breed proportions on average, which agreed with Paim T. D. P. et al. (2020). But all the other chromosomes (including 16, 25, and 29) had an average Angus CBC greater than 62.5%, meaning they deviated toward Angus instead. These differences could also arise from sampling biases, because the two ancestral breeds used by Paim T. D. P. et al. (2020) were small. There was a high chance that the sampled allelic frequencies may deviate substantially from the actual allelic frequencies. Furthermore, because the variance of an allelic frequency is inversely proportional to the population size (Falconer and Mackay, 1996), the estimated allelic frequencies for ancestral breeds were also subject to large deviations in small samples.
TABLE 4 | Means and standard deviations (SD) of chromosomal-estimated breed compositions (CBC) for the 3,605 Brangus cattle.
[image: Table 4]Despite the large chromosome-by-chromosome variability for ancestral breed proportions, GBC estimated by the mean of the average CBC across the 29 chromosomes per animal (denoted by C_GBC) agreed roughly with the average GBC in the 3,605 Brangus cattle. The mean (standard deviation) of Angus C_GBC for the 3,605 Brangus cattle was 70.9% (6.7%). The mean (standard deviation) of Brahman C-GBC was 29.1% (6.7%). The correlation between C_GBC and GBC for the 3,605 Brangus animals was 0.99 (See Supplementary Figure S1A). Within each subpopulation, the average CBC approximately agreed to (or slightly larger than) the corresponding GBC on average. For example, in the two clusters obtained by the K-means clustering with K = 2, the cluster for the mixed UB animals had, on average, 82.5% Angus and 17.5% Brahman breed compositions, and the cluster for non-UB animals had, on average, 68.2% Angus and 31.8% Brahman breed compositions.
Segmental-estimated breed compositions
Ancestral breed compositions were evaluated on 1-Mb, 5-Mb, and 10-Mb windows on each chromosome (Table 5). Like CBC, the mean and range of the estimated SBC per segment varied substantially with chromosomes (Figure 2). Regardless of the window sizes, all the chromosomes, except 5 and 20, had the mean Angus SBC per chromosome exceeding 62.5%, and only chromosomes 5 and 20 had greater than 37.5% Brahman SBC. The average Angus SBC was the largest on chromosome 15 (76.9%–81.4%) and the smallest on chromosome 5 (57.6%–59.7%) (Table 5). Complementary to the Angus SBC, the Brahman SBC was the largest on chromosome 5 (40.3%–42.4%) and the smallest on chromosome 15 (18.6%–23.1%) (Table 5). Nevertheless, the segment with the maximum Angus proportion appeared on chromosome 18 (94.0%–95.9%), although chromosome 15 had the largest average Angus proportion. The maximum Brahman proportion segment was found on chromosome 2 (74.4%) when evaluated on 1 M windows and chromosome 5 (62.2%–64.4%) on 5-Mb and 10-Mb windows. The overall average of Angus SBC across the 29 chromosomes in the 3,605 Brangus cattle were 69.2% (1-Mb windows), 72.3% (5-Mb windows), and 72.0% (10-Mb windows), respectively. The overall average of Brahman SBC across the 29 chromosomes was 30.8% (1-Mb windows), 27.7% (5-Mb windows), and 28.0% (10-Mb windows), respectively. These overall averages of genomic breed compositions by averaging Angus and Brahman SBC across all 29 chromosomes per animal (denoted by S_GBC) roughly agreed with the average Angus and Brahman CBC (70.9% Angus versus 29.1% Brahman; Table 4) and the average GBC (70.2% Angus versus 29.8% Brahman; Table 3). The correlation between Angus S_GBC and GBC for the 3,605 Brangus animals was greater than 0.99, regardless of the window sizes (See Supplementary Figures S1B–D). Overall, the variation was larger when evaluated on a smaller interval than a larger interval (Figure 3). The Angus SBC on chromosome 15 varied between 68.6% and 89.7% when assessed with a 5-Mb window size (Table 5). The range became smaller (70.5%–86.6%) when evaluated with a larger window size (i.e., 10-Mb), and the range became larger (48.6%–91.1%) when assessed with a smaller window size (e.g., 1-Mb). Similar trends generally held on all the chromosomes (Table 5). The Brahman SBC showed precisely opposite trends.
TABLE 5 | Minimum (min), maximum (max), and mean of segmental-estimated breed compositions (SBC) per chromosome for Brangus.
[image: Table 5][image: Figure 2]FIGURE 2 | Boxplots of segmental-estimated breed compositions (SBC) for 3,605 Brangus cattle with the window size being 1 Mb on each chromosome: (A) Angus breed proportion; (B) Brahman breed proportion.
[image: Figure 3]FIGURE 3 | Distributions of Angus (red) or Brahman (yellow) breed proportions by varying window sizes on chromosome 15 in 3,605 Brangus cattle: (A) 1 Mb, (B) 5 Mb, and (C) 10 Mb. The black dashed line represents the population mean of the estimated genomic-estimated breed compositions (GBC), and the blue dashed line represents the population mean of the chromosomal-estimated breed compositions (CBC).
Ancestral breed proportions per segment varied considerably on each chromosome (Supplementary Figure S2). For example, the Brahman SBC on chromosome one were 4.4%–60.2% (1-Mb windows), 4.6%–47.8% (5-Mb windows), and 7.4%–46.6% (10-Mb windows), respectively (Table 5). There were segments with high Angus proportions and high Brahman proportions, respectively, on the chromosomes. For example, the average Angus SBC in 1–5 Mb and 6–10 Mb segments on chromosome 15 were 85.5% and 89.7%, respectively, which were substantially higher than the CBC for that chromosome. The average Angus SBC computed in the 40–75 Mb segment was between 68.6% and 79.1%, still higher than the officially expected Angus proportion (62.5%). Approximately 95% of the 2,522 1-Mb chromosomal segments had, on average, between 45.0% and 90.0% Angus breed proportions and between 10.0% and 65.0% Brahman breed proportions (Table 6). Likewise, approximately 90% of the total 5-Mb (or 10-Mb) chromosomal segments had between 50.0% and 90.0% Angus breed proportions and between 10.0% and 65.0% Brahman breed proportions (Table 6).
TABLE 6 | Distributions of segmental-estimated Angus and Brahman breed compositions (Angus-SBC and Brahman-SBC) with the segments defined by 1 MB, 5 Mb, and 10 Mb intervals, respectively.
[image: Table 6]The variability of ancestral breed compositions per chromosome or segment could be a direct effect of selection. For example, Goszczynski et al. (2017) showed increased indicine haplotypes in the bovine leucocyte antigen region of Brangus cattle raised in Argentina, potentially due to selection for adaptation to the environments. In a brief search of bovine QTL in the QTLdb database, we found two postnatal growth traits and one body mass QTL reported on these two chromosomes, which were located on chromosome 15 at 61.6 Mb (body weight gain) and 17.0 Mb (birth body weight) (Snelling et al., 2010), and chromosome 17 at 12.0 Mb (average daily gain) (Rolf et al., 2012). These two chromosomes had the highest Angus CBC (chromosome 15: 79.84%; chromosome 17: 79.21%). These QTL were also located in regions with high Angus proportions. There are QTLs associated with disease resistance on chromosome 5 (Machado et al., 2010), which had the highest Braham CBC (43.14%). There were also health-related QTLs on chromosome 5, which included infectious bovine keratoconjunctivitis susceptibility (Kizilkaya et al., 2013), cold tolerance (Howard et al., 2014), and immune capacity (Leach et al., 2010), to list a few of them. All these QTLs were located in regions with high Brahman proportions in chromosome 5. There was a pleiotropic QTL affecting birth, yearling, and mature weights on chromosome 20 at 7–8 Mb (Weng et al., 2016), which was a region with a high Angus proportion. However, this chromosome had a high Brahman proportion (40.2%) in our study and Paim T. D. P. et al. (2020). The presence of Brahman favorable alleles in chromosomal regions with high Angus breed proportions, or vice versa, exemplifies the successful complementary of favorable alleles for the traits of interest from both ancestral breeds.
Gene set enrichment analysis
Gene set enrichment analysis was conducted with functional genes and QTL extracted on chromosome segments with high ([image: image]) Angus and high ([image: image]) Brahman breed proportions, respectively, evaluated on 1-Mb chromosomal intervals (Figure 4). We adopted these two cutoff threshold values because each represented an equal (12.5%) upward deviation from their expected values. We computed SBC on 1-Mb intervals for the subsequent gene set enrichment analysis because we rendered it an appropriate window size to capture gene regions of interest. Based on the Bos taurus UMD 3.1.1 assembly, the genome size of domestic cattle is approximately 2,670 Mb, which contains 26,815 genes (https://www.ncbi.nlm.nih.gov/genome/annotation_euk/Bos_taurus/105/#FeatureCountsStats). Hence, the average spacing between neighboring genes is around 0.1 Mb. In contrast, the chromosome regions defined on 5-Mb or 10-Mb intervals could be too broad. Nevertheless, SNPs on 1 Mb intervals had higher LD than those on 5-Mb or 10-Mb intervals. The average R2 LD per segment on each chromosome ranged from 0.11 to 0.16 in 1-Mb intervals, from 0.06 to 0.10 in 5-Mb intervals, and from 0.05 to 0.08 in 10-Mb intervals (Table 2). When computing the likelihood, we noted that SNPs with higher LD tended to give more weight to these highly linked SNPs or their regions.
[image: Figure 4]FIGURE 4 | Chromosomal fragments with: (A) high ([image: image]) Angus breed proportion (upper), and (B) high ([image: image]) Brahman breed proportions (bottom), evaluated with a 1 Mb window size on 29 chromosomes in 3,605 Brangus cattle.
There were 852 segments with Angus SBC ≥75% and 169 segments with Brahman SBC ≥50%, which accounted for 33.8% and 6.7%, respectively, of the 2,522 1-Mb chromosomal segments on the genome (Table 7.). The total length of chromosomal segments with [image: image] 75% Angus proportions was the longest on chromosome one and the shortest on chromosomes 5 and 13. Relatively speaking, chromosome 15 had the largest percentage (64.5%) of high Angus breed proportion segments, and Chromosome five had the least percentage (5.8%) of total high Angus breed proportion segments. Twenty-five chromosomes had more than 20% of the chromosome length as high ([image: image]) Angus proportion regions. In contrast, only two chromosomes (5 and 20) had more than 20% of their total length as high ([image: image]) Brahman breed proportions. Adjacent high Angus proportion segments often joined together to form larger blocks, presenting almost in all 29 chromosomes (Figure 4A). In contrast, high Brahman proportion segments were relatively sparse and isolated, though some formed small blocks, and they were present only on seven (2, 5, 6, 9, 10, 20, and 21) chromosomes (Figure 4B). These results agreed with a previous report yet with a different approach. Using a chromosome painting approach based on a copying model (Lawson et al., 2012), Paim T. D. P. et al. (2020) showed that chromosomal regions with high Angus breed proportions were prevalent on chromosomes, often large blocks, yet chromosome segments with high Brahman breed proportion were fewer and isolated. A follow-up study on selection signatures in Brangus revealed that the majority of selection signatures in Brangus cattle came from Angus (Paim T. D. P. et al., 2020). The copying model related the patterns of LD across chromosomes to the underlying recombination process and used a hidden Markov method to reconstruct a sampled haplotype. In the present study, we directly estimated breed compositions on each chromosome flanked by varying window sizes based on a mixture model. The admixture coefficients inferred from the admixture model can be probabilistically interpreted as reflecting that as identity-in-state (Jannink and Wu, 2003). Yet, when confined to long chromosomal chunks, it approximated the probability of identity by descent (Browning, 2008). Hence, though using a different approach, we came to similar findings.
TABLE 7 | Summary of chromosomal segments with high Angus breed proportions (Angus SBC [image: image] 75%) and high Brahman breed proportions (Brahman SBC [image: image] 50%), respectively.
[image: Table 7]In theory, crossing breaks and shuffles chromosomes randomly over time when directional selection is absent, which reflects genetic drift. However, with selection, it increases and even fixes favorable alleles. Meanwhile, it also changes the allelic frequencies of genes in LD with the genes under selection due to genomic hitchhiking, also known as genetic draft (Smith and Haigh, 1974; Ma et al., 2019). In other words, genomic hitchhiking occurs when a polymorphic locus is in LD with a second locus undergoing a selective sweep. As a result, the linked allele will also increase in frequency, in some cases, until it becomes fixed in the population. Overall, genomic hitchhiking reduces genetic variation and leaves footprints across the genome known as the signatures of selection (Sabeti et al., 2007; Singh et al., 2020). The many high Angus breed proportion regions reflected the presence of multiple favorable alleles scattered across the chromosomes. We observed the prevalence of large blocks with high Angus breed proportions (Figure 4A), possibly resulting from the genomic hitchhiking effects when selecting Brangus for Angus favorable traits. This is equivalent to saying that genomic hitchhiking effects were strong around the genomic regions with Angus favorable alleles, leading to the presence of large blocks with high Angus breed proportions. In contrast, genomic hitchhiking effects were weak around Brahman favorable alleles because chromosomal blocks with high Brahman breed proportions were relatively few, isolated, and small in size.
There were 9,025 genes on the chromosomal segments with Angus SBC ≥75% (Supplementary Table S1) and 1,877 genes on the chromosomal segments with Brahman SBC ≥50% (Supplementary Table S2). Many genes in high (≥75%) Angus regions are responsible for biological processes related to animal development, such as regulation of biological processes, anatomical structure development, anatomical structural morphogenesis, animal organ development, and skeletal system development, and, in KEGG, related to hormone regulation (such as the Estrogen signaling pathway). For example, the system development (GO:0048731) category’s related child terms include system development, such as central nervous, respiratory, and endocrine. We also found many genes associated with carcass and meat quality traits, such as PPP1R3B (Edwards et al., 2003; Cinar et al., 2012), ASXL1 (Grigoletto et al., 2020), DNMT3B (Liu et al., 2012), and TMEM68 (Lindholm-Perry et al., 2012; Terakado et al., 2018; Edea et al., 2020), just to list a few. Our gene list also included LEP on chromosome four and PLAG1 on chromosome 14. Paim T. D. P. et al. (2020) previously found these two genes in high Angus regions. The LEP gene is expressed in adipose tissue and codes for leptin, a hormone known to regulate feed intake and energy balance in mammals (Woronuk et al., 2012). This gene is associated with marbling, fat thickness, rib eye area, and feed intake in several beef cattle breeds (Souza et al., 2010; Woronuk et al., 2012; Kononoff et al., 2017). Leptin is an essential gene for puberty onset (Williams et al., 2002). This gene could be inherited from Angus ancestors, or its frequency was increased by the selection of Brangus for early puberty since breed formation because Bos indicus heifers have challenges achieving puberty early in life (Sartori et al., 2010; Fortes et al., 2012). PLAG1 is involved in regulating stature and weight (Littlejohn et al., 2012; Pryce et al., 2012; Song et al., 2016). This gene is associated with yearling weight in Australian Tropical Composite breeds (Porto-Neto et al., 2014). There is still another gene, XKR4, which is close to PLAG1. The XKR4 gene is associated with subcutaneous rump fat thickness, scrotal circumference, serum concentration of prolactin, and sexual precocity (Fortes et al., 2012; Porto Neto et al., 2012; Bastin et al., 2014; Takada et al., 2018). The genes in the high ([image: image]) Brahman regions are primarily responsible for biosynthetic-related biological processes (e.g., cytolysis), molecular biological functions related to enzyme activity (e.g., lysozyme activity, peptidoglycan muralytic activity, hydrolase activity, and serine-type endopeptidase activity), and diseases and immunity (e.g., MHC class II protein complex, MHC protein complex, type I diabetes mellitus, allograft rejection, graft-versus-host disease, autoimmune thyroid disease, and pathogenic Escherichia coli infection). For example, peptidoglycan muralytic activity (GO:0061783), which contributes to the degradation of peptidoglycan, is a major structural component of bacterial cell walls (Nelson et al., 2012); Another example is the MHC Class II protein complex (GO:0042613). MHC is involved in the immune process and plays the role of transmitting antigens (Rodgers and Cook, 2005). Still, the gene functionalities in chromosomal regions with high Angus breed proportions were diverse, possibly due to genomic hitchhiking of genes linked to the favorable alleles under selection. For example, there was a category of genes called “cellular response to stress”. Cells respond to stress in various ways, from activating pathways that promote survival to eliciting programmed cell death that eliminates damaged cells. Cell death research has attracted much attention in the last 2 decades also because of its relevance to development, degenerative diseases, and cancer in human (Fulda et al., 2010). Overall, the Brangus cattle have successfully combined the favorable traits of the two highly successful parent breeds.
QTLs were extracted from the chromosomal regions with the top 1% highest Angus (Angus SBC [image: image]) and Brahman (Braham SBC [image: image]) breed proportions, respectively (Supplementary Table S3
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Trait

T1 T2 T3 T4 T5
Effect Exact genomic epistasis relationship matrices (EGERM)
A 0.023 0217 0131 0.336 0.366
D 0.000 0013 0.000 0.000 0052
AxA 0.046 0.186 0278 0.017 0.054
AxD 0.000 0.000 0.091 0.000 0.000
DxD 0.000 0.000 0.091 0.000 0.000
AxAXA 0.000 0.000 0.000 0.000 0.000
AxAXD 0.000 0.000 0079 0.000 0.000
AxDxD 0.000 0.000 0.102 0.000 0.000
DxDxD 0.000 0.000 0117 0.000 0.000
Total heritability 0.069 0416 0.889 0.354 0471
Effect Approximate genomic epistasis relationship matrices (AGERM)
A 0.022 0215 0.139 0.329 0360
D 0.000 0013 0.000 0.000 0051
AxA 0.043 0.176 0.280 0.016 0.050
AxD 0.000 0.000 0.091 0.000 0.000
DxD 0.000 0.000 0.090 0.000 0.000
AXAXA 0.000 0.000 0.000 0.000 0.000
AxAXD 0.000 0.000 0.075 0.000 0.000
AxDxD 0.000 0.000 0.095 0.000 0.000
DxDxD 0.000 0.000 0.109 0.000 0.000

Total heritability 0.065 0404 0879 0.346 0461
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Population Trait* N-obs® Genotyped individuals N-env' Mean sD Min Max

Pig AGE (day) 28,827 1778 5 1708 139 1240 2110
BET (mm) 28,827 1778 5 18 24 50 307

Maize GW (kg) 2676 681 1 675 139 0.407 11.24
WC (%) 2676 681 11 2689 458 14.80 47.80

*AGE: days to 100 kg; BET: backfat thickness adjusted to 100 kg; GW: grain weight;, WC: water content.

"N-obs: number of observations.
T SR~ N
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Variance of G x 0.25 1 2

E interactions

G x EWAS 2435 (43) 5081 (64) 3981 (77)
StructLMM 2472 (41) 5092(62) 4084 (77)
Bartlett 507 (9) 3495 (33) 3976 (54)
F-killeen 101 (6) 144 (2) 109 (3)
L-mean 224 (6) 1037 (8) 606 (14)
L-median 188 (6) 808 (8) 439 (9)
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Data set Trait Content P-value®
EO01 E02 E03 E04 E05
Simulation® Ones SNP number 45323 23517 14,210 8844 5543 2186
Accuracy 0737 0735 0739 0.749 0738 0712
MSE 1818 1820 1810 1715 1813 1894
Pig AGE SNP number 56,445 27,762 14,117 7420 3964 7
Accuracy 0225 0223 0226 0.226 0226 0224
MSE 17981 179918 179.722 179703 179677 179.797
BT SNP number 56,445 37,448 25242 17,110 11,801 8098
Accuracy 0268 0275 0276 0272 0269 0268
MSE 2707 2693 269 2,699 2704 2706
Maize® GW SNP number 59,401 17,285 4279 834 421 143
Accuracy 0288 0290 0.306 0294 0271 0269
MSE 46323 46317 46174 46178 46223 46347
we SNP number 59,401 28,636 12,123 4168 2132 875
Accuracy 0295 0301 0315 0318 0293 0273
MSE 721588 721229 721129 720854 721590 722.009

*Cut-off p-values for G x E interaction single nucleotide polymorphisms on G x E.

"One randomly selected replicate.
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Date set Trait® G x EBLUP GBLUP
Simulation V025 45min 48 s 15 min 35
Vi 46 min 27 s 15 min 12 s
vz 46 min 13 5 15min 95
Pig AGE 30min9s 2min 145
BFT 30 min 145 2min 18's
Maize GW 26 min 135 Imin7s
we 26min8s Imin 105

*V0.25, V1 and V2: The traits with variance of G x E interactions of 0.25, 1 and 2,

respectively, in simulated data.
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Source of variation

df FLL FLW UIL PM
Genotypes 250 7370.3% 6788.0** 65468.23*% 303.5%
Environments 3 22743 6726.8** 1187.8* 19.8*
Replicates (nested in environments) 8 1442% 5717.06** 1133.7% 5.9%
Genotypes*Environments 750 5584.15% 8761.1%* 17678.2* 193.4%
Error 1806

indicate significance at 0.05 and 0.01 levels.





OPS/images/fgene-13-934757/fgene-13-934757-t002.jpg
Trait Chr Start End R* p-value Environment Favorable References
(Mb) (Mb) allele
Min Max Min Max

FLL 1A 5729 5777 5.9% 9.0% 2.6E- 8.6E-04 El, E3, E4, BLUE o Li et al. (2021)
05

FLL 24 663 682 6.0% 9.5% 17E- 8.7E-04 E4, BLUE G
05

FLL 24 5546 5602 5.8% 7.3% 22E- 9.3E-04 E4, BLUE [ Li et al. (2021)
04

FLL 2B 6527 656.0 6.1% 7.9% 14E- 9.2E-04 E1, E2, E4, BLUE [ Liu et al. (2018)
04

FLL 3B 1214 1296 5.8% 9.3% 1.8E- 9.8E-04 EL, E2, E4, BLUE G Wu et al. (2016)
05

FLL 3D 828 94.5 5.9% 7.8% 1.2E- 7.7E-04 EL, E2, E4, BLUE G
04

FLL 5D 5512 556.2 5.9% 83% 5.5E- 9.2E-04 E2, E4, BLUE G
05

FLL 6A 51 17.9 5.8% 83% 5.4E- 9.2E-04 El, E2, 4, BLUE T
05

FLL 7D 54 105 5.7% 7.0% 23E- 9.8E-04 EL, E4, BLUE A Wu et al. (2016)
04

FLW 1A 296.9 297.7 5.8% 6.6% 3.3E- 8.4E-04 E1, E3, BLUE C
04

FLW 1A 556.0 587.4 5.3% 8.1% 1.8E- 7.0E-04 El, E2, BLUE A Li et al. (2021)
05

FLW 5A 290.1 2995 6.0% 7.7% 1.5E- 8.9E-04 El, E3, E4, BLUE A
04

FLW 5A 595.4 5977 62% 7.7% LIE- 5.3E-04 E2 A Wu et al. (2016)
04

FLW 5B 615.7 617.9 5.1% 10.7% 9.0E- 9.4E-04 El, E3, E1, BLUE A Li et al. (2021)
05

FLW 5D 562.0 562.7 5.7% 9.3% 1.8E- 9.2E-04 EL E3 A
05

FLW 7A 188 259 5.8% 179%  14E- 9.5E-04 E2, EL, E3 G
09

UIL 2B 409.9 4395 5.1% 8.2% 1.8E- 9.1E-04 E1,E2,E3,E4,BLUE G
05

UIL 5A 3834 3850 5.6% 83% 4.6E- 9.3E-04 E2 G Li et al. (2020)
05

UIL 6A 606.6 6117 5.2% 5.9% 9.3E- 9.5E-04 EL,E2,E3, B4, BLUE G
04

UIL 6D 3882 4075 4.8% 6.8% 2.5E- 9.0E-04 E2, E4, BLUE G Li et al. (2020)
04

UIL 7A 4963 5129 5.0% 6.8% 2.8E- 8.1E-04 EL,E2,E3,E4,BLUE  C
04

UIL 7B 7011 7011 6.6% 8.8% 6.5E- 1.3E-04 El, E3, 4, BLUE A Li et al. (2020)
06

UIL 7D 83 83 4.9% 6.0% 31E- 9.6E-04 EL, E3, E4, BLUE A
04

PM 2B 91 926 6.1% 7.7% 1.0E- 7.8 E- E2 A
04 04

PM 2B 663.1 664.2 5.9% 6.6% 39E- 9.2E-04 E2, E4 G
04

PM 3D 6028 6067 5.9% 8.4% 5.1E- 8.3E-04 El, E3, B4 G
05

PM 4A 414 462 5.3% 125% 27 37E-04 E2, E4, BLUE e Liu et al. (2016)
06

PM 5A 688.9 6889 7.0% 9.9% 1.5E- 44E-05 EL, E4, BLUE [
06

PM 5B 696.7 697 6.6% 89% 2.9E- 5.0E-04 E1, E2, E3, BLUE [
05

PM 6A 238 244 6.9% 10.1%  7.5E- 2.6E-04 E2, BLUE e Li et al. (2020)
06

FLL, flag leaf length; FLW, flag leaf width; UIL, uppermost internode length; PM, plant morphology.

The El, E2, E3, E4, and E5 indicated the Haerbin 2018, Haerbin 2019, Keshan 2018, Keshan 2019, and the best

ear unbiased estimation (BLUE), respectively.
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Peak SNP' s. Nearest gene

RG 15338058884 6 31271210 | 0102 | -202(042) | 215E-06 | FTO intron 78
RG s318410870 | 2 7 19,677,069 | 0246 | -143(0.29) | 125E:06 | RIPOR2 intron 53
RG 1580841859 7 44653377 | 0463 | -124(027) | 749E-06 | TFAP2D intron 92
RG [ 321246758 | 3 [ 7 93785804 | 0423 | -145(027) | 9.86E-08 | SLC8A3 intron 87
RG s331183308 | 6 14 99,636,228 | 0322 | 148 (0.29) 6.67E-07 | MINPPI intergenic 36
RG [ 15_135271601 15 135271,601 | 0417 | 143 (0.28) | 568E-07 | AGAPI intergenic 52
RG rs318442172 | 5 16 23986799 | 0.331 134 (027) 758E-07 | LIFR intergenic 67
RG 5322341359 17 29911510 | 0.083 | 24 (0.48) 802E-07 | FOXA2 intergenic 71
G6P 1$323123457 1 25796643 | 0355 | 093(0.19) 9.15E-07 | NHSLI intron 131
G6P 15319985393 7 48002599 | 0457 | 092(0.18) 863E-07 | ADAMTS? intergenic 9
GeP 15326947848 7 85861162 | 0.5 1.04 (0.22) 556E-06 | RGMA intergenic 63
G6P 5320783325 8 32614482 | 0257 | 114 (021) 981E-08 | LIMCHI intron 102
GoP 15330779127 9 11,154,160 | 0434 | -0.93 (0.18) | 343E-07 | ACER3 intron 124
G6P 1s325508440 12 55011608 | 0231 | 108 (023) | 563E-06 | MYHI3 intergenic 24
G6P rs333704759 13 7,126,930 047 -096 (0.18) | L56E-07 | SGOI intergenic 1
G6P [ 1s340666100 14 23234922 | 0338 | 1.08(0.23) 363E-06 | GALNTY Downstream gene | 8.6
G6P 1337801210 | 6 14 99543552 | 0114 | 149 (0.32) 370E-06 | MINPPI intergenic 86
LAT [ s697205060 | 1 5 28321339 | 0127 | 678 (1.38) 149E-06 | SRGAPI intron 88
LAT 1580827576 5 31,833,661 | 0.15 62(1.33) 444E-06 | CANDI intergenic 85
LAT rs318410870 | 2 7 19,677,069 | 0246 | -6.12 (1.09) | 4.86E-08 | RIPOR2 intron 86
LAT rs332736034 7 19115167 | 0279 | 584 (117) | 9.16E07 | ENSSSCGI000042684 intergenic 9
LAT [ rs327466581 9 13373073 | 01| 7590.5) | 203506 | ENSSSCGU0000015620 intergenic 66
LAT | 15345209200 11 67518507 | 0491 | -484 (102) | 3.14E-06 | STK24 intron 97
LAT [ s345106152 | 4 12 28646375 | 0434 | -483(092) | 327B-07 | ENSSSCG00000043336 | upstream 10
LAT s318442172 | 5 16 23986799 | 0331 | 5.6 (0.99) 564E-07 | LIFR intergenic 86
LAT .15330527025 I 18 34087184 | 0459 | 461 (0.97) 2906 | IMMPIL [ ntron 53
[eid s697205060 | 1 5 28321339 | 0127 | 1123 (2.14) | 306E-07 | SRGAPI intron 56
GP rs318410870 | 2 7 19677069 | 0246 | -9.40 (181) | 377E-07 | RIPOR2 intron 88
[eid | s332409349 | 3 7 93944227 | 0326 | -895(182) | 140E-06 | SYNJ2BP, COX16 intron 56
GP I s345106152 | 4 12 28646375 | 0434 | 758 (153) | L14E-06 | ENSSSCG00000043336 | upstream gene 122
Gp s318442172 | 5 16 23986799 | 0331 | 7.93 (1.66) 285E-06 | LIFR intergenic 97

'One SNP, wthout feature ID (rs) in NCBI, was named according to their physical positions on the Sscrofal 1.1 assembly.
*The numbes indicated pleiotropic loci associated with more than one trait.

3The locations of the associated SNPs, on the Sus Scrofa Build 11.1 assembly.

Minor allele frequeny.

“Beta estimates (stanard errors for beta).

"The p values that ar lower than the genome-wide significance threshold (3.8 x 107) are underlined.

*Phenotypic variance hat the peak SNP, explain.
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Mean + SD* (umol/g)
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(umol/g) v

h? (se)

RG 6.88 £ 378 16.99 0.16 055 0.20 (0.11)

GeP 5.46 + 259 1544 032 047 0.32 (0.13)

LAT 4341 £ 1315 76.40 627 030 0.16 (0.09)

[eid 68.09 + 2130 11271 1042 031 0.24 (0.10)
‘Standard deviation.

"Coefficient of variation.

“Heritability estimates (standard errors).
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Chromosome Total length 5 Brahman SBC > 50%

Length Percent (%) Length Percent (%)
1 158855123 79 79,000,000 497 7 7,000,000 44
2 136769635 e 46,000,000 336 17 17000000 | 124
3 123148964 50 50,000,000 406 i 1,000,000 08
4 120635950 e 60,000,000 497 1 L0000 | 08
5 121183174 7 7,000,000 58 34 34,000,000 281
6 122509741 s 25,000,000 204 8 s00000 | 65
7 112628884 23 23,000,000 204 3 3,000,000 27
8 113367096 ow 32,000,000 282 3 som000 | 26
9 105695468 29 29,000,000 274 9 9,000,000 85
10 104301732 e 46,000,000 441 5 somo0 | 48
11 107274061 2 42,000,000 392 3 3,000,000 28
12 91131021 25 25,000,000 274 12 12,000,000 132
13 84229982 9 9,000,000 107 5 5,000,000 59
14 84628243 37 37,000,000 37 7 7,000,000 83
15 85272311 55 55,000,000 645 2 2,000,000 23
16 81701834 1 11,000,000 135 5 5,000,000 61
17 75132928 41 41,000,000 546 0 0 00
18 65999195 30 30,000,000 455 3 3,000,000 45
19 61007021 21 21,000,000 328 1 1,000,000 16
20 71992748 1 11,000,000 153 2 22,000,000 306
2 71573501 8 8,000,000 12 13 13,000,000 182
2 61379134 38 38,000,000 619 0 0 00
23 52465632 16 16,000,000 305 2 2,000,000 38
2 62685898 2 25,000,000 399 I 1,000,000 16
25 42851121 13 13,000,000 303 1 1,000,000 23
2 51663776 2 26,000,000 503 1 1,000,000 19
27 45388171 2 25,000,000 55.1 0 0 [ 00
2 46248750 10 10,000,000 216 0 0 00
29 51484561 12 12,000,000 233 3 3,000,000 58
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Angus-SBC

5Mb
n%
1 0 0 0 0 0 0 0 0 0 0 0 0
(1,095 5 02 2 04 0 0 0 0 0 0 0 0
(0.95,0.9] 38 15 7 13 4 15 0 0 0 0 0 0
(0.9, 0.85] 139 55 62 19 23 86 0 0 0 0 0 0
(0.85, 0.8 301 19 69 133 39 145 0 0 0 0 0 0
(0.8,075] 369 146 78 150 41 152 0 0 0 0 0 0
(075,07 395 157 76 146 45 167 2 01 0 0 0 0
(0.7, 0,65 377 149 89 171 47 75 4 02 0 0 0 0
(0.65, 0.6] 331 131 67 129 33 123 18 07 1 02 1 04
(0.6, 0.55] 238 94 32 62 18 67 54 21 5 10 0 0
(0.5, 05 160 63 2 48 14 52 91 36 6 12 4 15
(0.5,045] 91 36 6 12 4 15 160 63 25 48 14 52
(0.45, 0.4] 54 21 5 10 0 0 238 94 32 62 18 67
(0.4,035] 18 07 1 02 1 04 331 131 67 129 33 123
(0.35,03] 4 02 0 0 0 0 377 149 89 171 47 175
(0.3,025] 2 ol 0 0 0 0 395 157 76 146 45 167
(0.25,02] 0 0 0 0 0 0 369 146 78 150 41 152
(0.2,0.15] 0 0 0 0 0 0 301 19 6 133 39 145
(0.15,0.1] 0 0 0 0 0 0 139 55 62 19 2 86
(0.1,0.05] 0 0 0 0 0 0 38 15 7 13 4 15
(0.05, 0] 0 0 0 0 0 0 5 02 2 04 0 0
SUM 2522 100 519 100 269 100 2522 100 519 100 269 100
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Chrom Window = 1 Mb Window Mb Windo 10 Mb
SBC-Angus (%) SBC-Brahman (%) SBC-Angus (%) SBC-Brahman (%) SBC-Angus (%) SBC-Brahman (%)
Max Mean Min M Mean Min Max Mean Min Max Mean Min Max Mean Min Max Me
i § 3 794 576 206 68.9 424 356 809 9.2 191 644 08 379 i 809 59.7 9.1 622 403
6 6s | 9 &0 84| ses B0 | w4 | w7 ®s | n3 | as 05 | osms | w4 94 e | ws | 06
12 413 900 65.5 100 587 345 488 I 6.1 0.1 139 512 310 503 6.1 70.1 139 497 299
T e | | e | e e | e e | e e | e e | e [
i 357 890 72 10 643 288 535 | 846 747 154 465 253 541 834 749 166 459 251
16 406 888 6.1 n3 594 370 547 | 813 5.2 187 453 348 549 728 64.7 23 452 353
i 20 336 865 59.8 135 6.5 402 a4 | 769 618 231 587 382 482 i 755 614 246 519 386
2 554 936 760 64 46 240 698 I 878 794 122 302 206 725 852 793 us 25 207
u 485 905 724 95 516 276 605 I 874 740 126 395 261 608 814 731 187 392 270
o o [ oa [ o [ [ r [ oo [0 [ o | [ s [ o | oo [ [ | o [ ma [ e | s
29 392 843 67.3 157 60.8 27 576 I 840 6.6 160 424 304 571 786 68.6 T 214 29 314
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Chromosome Angus-CBC % Brahman-CBC % Number of SNPs Average spacing, Mb

Mean SD Mean sD
1 7231 1228 27.69 1228 2,568 006
2 7019 14.10 2981 14.10 2218 006
3 7467 1251 2533 1251 2,081 006
4 se | ona | un | nu 1,889 0 006
5 56.86 1591 3.4 1591 2,120 006
6 697 1418 303 1418 1,988 006
7 67.66 1517 3234 1517 1815 006
8 70.08 1426 29.92 1426 1,774 006
9 65.94 1557 3406 1557 1,830 006
10 7377 e | 1289 1,697 006
1 7227 1350 2.73 1350 1,709 006
12 67.47 1630 3253 1630 1419 006
13 6513 1682 3487 1682 1446 006
14 7358 1522 2642 1522 1,405 006
15 7984 12.89 2.6 12.89 1371 006
16 64.74 1831 35.26 1831 1334 006
17 7921 13.09 2079 13.09 1214 006
18 73.86 13.07 26.14 1307 1,152 006
19 7151 1547 28.49 1547 1,184 0.05
20 5976 1622 4024 1622 1352 005
21 6258 1653 37.42 1653 1215 006
22 78.17 13.51 21.83 13.51 1,002 0.06
23 7209 1481 27.91 1481 953 006
24 7297 1472 27.03 1472 1,045 0.06
2 7333 17.64 26.67 1764 712 006
26 78.30 1538 21.70 1538 862 006
27 78.66 15.64 2134 1564 736 006
23 67.99 1740 3201 1740 789 006
29 68.77 18.53 3123 1853 792 007
Average 7093 wsr | w07 1497 1437 006
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Chromosome Window = 1 Mb Window = 10 Mb

Mean Mean

1 159 0144 0044 32 0089 0016 16 0,068 0014
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4 121 0159 0054 25 o1 | oos 13 0,081 0026
5 2 os 0049 2 ooss | oos B 0,068 0019
6 120 0127 0051 2 0073 0020 12 0055 0016
7 wmo oo 0070 2 w0 | oos | n 0.069 0021
8 114 0153 0062 23 0093 0028 12 0072 0021
9 106 0129 0049 2 0083 0023 1 0,064 0014
10 105 0.131 0052 21 0.080 0015 1 0,063 0014
1 108 0.148 0049 2 0.086 0020 1 0.064 0015
12 91 0136 0050 19 0.088 0.024 10 0070 0019
13 85 0156 0057 17 0097 0031 9 0071 0017
14 84 0.164 0063 17 0.099 0.029 9 0070 0013
15 86 0157 0055 18 0.104 0.038 9 0073 0016
16 8 0.150 0078 17 0091 0039 9 0.069 0021
17 75 0120 0042 15 0,066 0.007 8 0051 0010
18 66 0.145 0047 14 0082 0017 7 0058 0,005
19 o | o 0038 13 0077 0013 7 0059 0009
2 7 0125 0045 15 0083 0.030 8 0073 0043
21 72 0.146 0090 15 0086 0026 8 0,066 0018
2 62 0129 0033 13 0078 0016 7 0.060 0016
2 s om0 0083 uo 0w oo | 6 0.061 0021
2 63 0138 0051 13 0083 0012 7 0,065 0019
25 5 oo 0038 9 we | o | s 0,050 0018
2 52 0.146 0043 1 0091 0016 6 0072 0022
27 6 o 0041 0o o | oom | s 0056 0017
28 47 0113 0036 10 0074 0021 5 0053 0010
29 52 0122 0046 1 0079 0026 6 0.069 0039
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Number of animals

Number of SNPs

Allele A frequency

Mean SD

Composite Brangus 3,605 49,463 0477 0231
Ancestry | Angus 20359 (20,322) 49,463 0492 0247
Brahman 349 (349) 777,962 0439 0343

160 (134) 49,463 0431 0363

The rnribers i the Brackets ate genotiped animals that centained afier daki cléaning.
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Trait

T1 T2 T3 T4 T5
Prediction accuracy of SNP model
A 0,066 0495 0326 0468 0493
A+D 0056 0495 0326 0468 0.496
Epistasis model A+AA A+D+AA A+ AA+AD + DD+
AAD + ADD + DDD A+AA A+D+AA
EGERM
Prediction accuracy 0063 0498 0336 0468 0497
Accuracy increase (%) -4545 0.606 3.067 0,000 0202
AGERM
Prediction accuracy 0063 0498 0336 0468 0497
Accuracy increase (%) -4545 0.606 3.067 0,000 0202

“Prediction accuracy” is the observed prediction accuracy calculated as the correlation between the GBLUP of genotypic values and the phenotypic values in each validation population and
then averaged over all 10 validation populations. “Accuracy increase” is the percentage increase of the observed prediction accuracy of the epistasis model over the observed prediction
accuracy of the best SNP model, which was the additive model (A) for T1-T4 and the A + D model for T5. A = additive effects, D = dominance effects, AA = AxA effects, AD = AxD effects,

DD = DxD effects. AAA

kA elfocts: AAD:

kD elfects: ADD:

xDxD dominance effects. and DDD = DxDxD dominance effects.
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RGS20 ‘ Back fat thickness, Intramuscular fat, and meat tenderness in composite beef cattle breeds ~ Hay and Roberts (2018) |

TCEAI ‘ Growth traits in Montana tropical composite cattle Grigoletto et al. (2019) ‘

LYPLAI ‘ Feed intake, growth, and average daily weight gain in composite beef cattle and cross breeds  Lindholm-Perry et al. (2012); Hay et al. (2022) ‘

MRPLI5 ‘ Residual feed intake in Australian Angus; Muscle growth in cattle Cassar-Malek etal. (2007); Heras-Saldana et al. (2019) ‘
|

EIFs | Muscle growth, marbling, and meat quality traits in Nellore cattle Carvalho et al. (2019); Bruscadin et al. (2021)
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Position MAF Candidate genes

BovineHD2100020346 chr21: 68056605 043589744 ‘ AIC 0.047 | FarmCPU, BLINK, GLM EIF5, CKB, MARK3

BTA-40510-n0-rs chrl: 88012422 045441595 ‘ GIA 0054 | FarmCPU, BLINK, GLM ZMAT3 ‘
BovineHD0200007999 chr2: 27466243 [ 036324786 ‘ /T -0045 | FarmCPU CERS6

BovineHD0500025848 chrs: 90643657 0.16524217 ‘ AlC 0052 | BLINK PLEKHAS

BTB-01839335 chr9: 89664367 048005698 ‘ AIG -0043 | FarmCPU MYCTI ‘
*BovineHD1400006553 chrl4: 21949250 0.09116809 ‘ TIC 0084 | FarmCPU, GLM RGS20, TCEAL, LYPLAIL, MRPLIS ‘

Notes: MAF, minor allele frequency; Allele: The first allele s the nucleotide of the reference allele; The second allele s the nucleotide of the alternate allele; Effect: the contributing weightage of
SNPs to carcass weight; Model, the different models that successfully identified SNPs associated with carcass weight; Candidate Genes, the genes that correspond to the significant SNPs in the
range of upstream 100 kb and downstream 100 kb (reference genome, ARS-UCD1.2/bosTau9).
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S1&S2
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S3&S4

sS4

Note: 1, 52,53, and S4 indicate segments 1-4 introgressed from Chinese pigs into commercial pigs. The name of the gene is GeneCards (https://swwwgenecards org/) Symbol. Description information

B Caiatande.

BP)

chr14:95,920,700-96,372,532
<hr14:97,103,926-97,107,635
chr14:97,487,117-97,490,450
chr14:97,558,535-98,793,356

chr14:98,105,772-98,110,358

Name
PCDHI5
MBL2
DKK1
PRKGI

CSTE2T

Description

Protocadherin related 15

Sus scrofa mannose-binding lectin 2
Dickkopf WNT Signaling Pathway Inhibitor 1
Protein Kinase CGMP-Dependent 1

Cleavage Stimulation Factor Subunit 2 Tau Variant
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Segment DuC EUD

st 08894 00022 00172 0.0264 00372 00003 00122 | 07238 | 05020 | 04289 | 07300  0.3062
s2 08827 00016 | 000ss 00576 0.1149 00007 | 00123 | 01060 | 013 | 04d29 ‘ 01874 | 02032
B 08961 03528 03401 02664 02177 00004 0.0081 03453 0309 03500 ‘ 05444 02241
s4 08818 00551 00602 0.0675 00448 00006 00046 01958 | 02003 03029 ‘ 02138 01974

Note: S1, 52, 53, and $4 indicate segments 1-4 introgressed from Chinese pigs into commercial pigs. In the four segments,there are high allle frequencies in Duroc but low allele frequencies in
Lairace and Larpa Wiike wikils these alldls Soausaiies levals 1 Chinese pie are high oF mndars.
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Segmet P1 P2 P3 D-stati Z-sc(

SI (14:95.68-95.89 Mb) EAS DUC EUW 0322572 30973 0,001
pUC NCN EUW 0.189092 27052 00034
SON DUC EUW [ 0.160682 11969 | 01157
SWON DUC EUW 0.158532 22859 ‘ 00111

52 (14:96.04-96.42 Mb) EUW DUC ECN | 0.132401 11937 [ 01163
DUC EUW NCN 00728634 08777 | 0.1901
EUW pUC SON 0447761 66222 2E-11
EUW puC SWCN 0.187129 | 18819 00299

$3 (14:96.47-97.65 Mb) ECN DUC EUW | 0.266232 37459 9E-05
DUC NCN EUW 00031214 00414 04835
EUW puC SON 0354104 93692 0
SWCN DUC EUW 0.180207 | 27965 | 00026

54 (14:98.12-98.33 Mb) EUW ECN DpUC 00861798 08438 01994
EUW NCN DUC 00833274 09529 [ 01703
EUW SCN DUC 0291517 | 33918 00003
EUW SWON puUC 0.114714 13727 0.0849

Note: S1, 52, 53, and $4 indicate segments 1-4 introgressed from Chinese pigs into commercial pigs. D=(ABBA-BABA)/(ABBA + BABA), with closely related Sus species from Southeast Asian islands
S thic oaieroes, T1-D5. s the xshination of BUW. and Chiness native pie s [Thars aee Biar willd. comblastios accordiip tr ¥ha Rarrils of Trstatstics)
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