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Editorial on the Research Topic 
Application of genomics in livestock populations under selection or conservation


Genomics is one of the newest branches of biology that has progressed tremendously during the last decades. Genomics deals with the molecular structures, functions, evolution, and mapping of the genomes of any species and has significantly generated new information that has improved our understanding of the complex biology and genetic mechanisms of animal production systems. The advancement of genomics is linked with a number of key developments, which include the rapid expansion of next-generation sequencing and chip-based genotyping assays. Large-scale genomics data are now utilized more and more due to the dwindling cost of such sequencing and genotyping techniques. Livestock breeding programs, including selection and conservation efforts, have attained huge success due to affordable genomic prediction, particularly in dairy cattle. It is expected that there will be further reduction in the cost of these high-throughput genomic data generation platforms and more development of precise estimation methodologies. Multi-disciplinary involvement is going to further benefit the genomics community with the advancement of robust and reliable tools in the field of bioinformatics and their use in livestock breeding.
Keeping these developments in the area of livestock genomics in mind, the present Research topic of the Frontiers in Genetics titled “Application of Genomics in Livestock Populations under Selection or Conservation” was aptly selected with several major themes that highlighted the usage of genomics for conservation, current methods of genomics, application of whole-genome- and genome-wide-based techniques, and use of different bioinformatics tools and pipelines for the processing of genomic data. The resulting efforts contributed to the publication of a total 19 research papers in the current volume, comprising major focal points in the area of genomics of livestock and other species with the concerns of the present day. However, the ocean of genomics is too vast, and even this wide-array of published articles could hardly justify an ounce of that vastness!
Nonetheless, genuine efforts were made to include articles in this volume on those central themes of genomics that comprise the major skills and techniques employed in various animal populations for selection and conservation issues. These include genome-wide association studies (GWAS), differential gene expression utilizing transcriptome data, and analysis of selection signatures through whole-genome sequencing and high-density genotyping datasets, which are utilized for discovering genes and genomic variants that control significant traits of importance in livestock species.
Terefe et al. in African cattle, Naji et al. in Austrian and Chinese cattle, Karam et al. in sobaity seabream, Heidaritabar et al. in crossbred and purebred pigs, Li et al. in yak populations, Chen et al. in buffaloes, and Liu et al. in Chinese Qaidam cattle utilized whole-genome-sequenced datasets for the analysis of variant calling, selection signatures, and genomic copy number variations to identify genes related to major economic traits of importance, including production, growth, immunity, and adaptability, in these livestock species. Terefe et al. provided possible examples of convergent selection between cattle and humans through the identification of unique selection signatures in African cattle living in the Ethiopian highlands.
Liu et al. generated skin transcriptome data from cashmere goats and identified key pathways and six hub genes (PDGFRA, WNT5A, PPP2R1A, BMPR2, BMPR1A, and SMAD1) that regulate cashmere development in these goats that are mediated by exogenous melatonin. This study is expected to provide a foundation for understanding the mechanism of melatonin-regulated cashmere growth. Liu et al. identified LTBP2 gene polymorphisms and their association with the thoracolumbar vertebrae number, body size, and carcass traits in Dezhou donkeys, which will be useful as a molecular marker to improve the production performance in this donkey population.
Genomic selection (GS) is another potential breeding tool that can reduce the generation interval, improve the accuracy of selection, and bring genetic improvement and, therefore, has been successfully employed in many farm animals for more than a decade now (Hayes et al., 2009; Gorjanc et al., 2015; de Koning, 2016; Meuwissen et al., 2016; Wiggans et al., 2017; Yang et al., 2020). Ning et al. studied various marker densities and designed several statistical models to increase the accuracy of genomic selection for wool traits in Angora rabbits. They are the first to estimate genomic heritability in Angora rabbits and showed that their work will be able to provide key strategies to optimize GS using 50k marker density in rabbits for early selection of various wool traits. Wiggans and Carrillo reviewed the progress of GS in the United States and found that the dairy genomic selection program has doubled the rate of annual genetic gain since 2010, with a rapid increase in the number of genotype evaluations for over 50 traits. The use of genomic information has enabled us to determine the value of animals at a much earlier age and has contributed to a dramatic increase in the rate of genetic improvement.
Culver and Labow (2002) mentioned that genomics is a multi-disciplinary field of biology that focuses on the structure, function, evolution, mapping, and editing of genomes. Unlike genetics, which refers to the study of individual genes having a role in inheritance and variation, genomics targets the combined characterization of all of an organism’s genes, their combined inheritance, and variation on the organism (WHO, 2020). Genomics also includes studies of various within-the-genome phenomena such as epistasis (the effect of one gene on another), pleiotropy (one gene affecting more than one trait), heterosis or hybrid vigor, and the different interplay of loci and alleles within the genome (Pevsner, 2009). Since the domain of genomics is quite broad, it is unlikely that the coverage of the present Research Topic will be able to encompass all. Nonetheless, the 19 articles did cover a great number of aspects of genomics and their application in various animal populations for selection and conservation. Given that these articles are interesting and timely, we agree that there is still scope for improvement in incorporating genomics Research Topic for the selection of complex traits, i.e., the selection for traits with low heritability and disease resistance in farm animals and other species. High-throughput phenotyping or phenomics and precision farming are such tools that are being applied along with genomics in most advanced countries for livestock breeding programs (Pedrosa et al., 2023). We sincerely hope that a future Research Topic on genomics may well embrace many other emerging areas within genomics, i.e., phenomics, epigenomics, and metagenomics, utilized not only for genetic improvement programs but also for the sustainability of livestock production systems.
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The Angora rabbit, a well-known breed for fiber production, has been undergoing traditional breeding programs relying mainly on phenotypes. Genomic selection (GS) uses genomic information and promises to accelerate genetic gain. Practically, to implement GS in Angora rabbit breeding, it is necessary to evaluate different marker densities and GS models to develop suitable strategies for an optimized breeding pipeline. Considering a lack in microarray, low-coverage sequencing combined with genotype imputation was used to boost the number of SNPs across the rabbit genome. Here, in a population of 629 Angora rabbits, a total of 18,577,154 high-quality SNPs were imputed (imputation accuracy above 98%) based on low-coverage sequencing of 3.84X genomic coverage, and wool traits and body weight were measured at 70, 140 and 210 days of age. From the original markers, 0.5K, 1K, 3K, 5K, 10K, 50K, 100K, 500K, 1M and 2M were randomly selected and evaluated, resulting in 50K markers as the baseline for the heritability estimation and genomic prediction. Comparing to the GS performance of single-trait models, the prediction accuracy of nearly all traits could be improved by multi-trait models, which might because multiple-trait models used information from genetically correlated traits. Furthermore, we observed high significant negative correlation between the increased prediction accuracy from single-trait to multiple-trait models and estimated heritability. The results indicated that low-heritability traits could borrow more information from correlated traits and hence achieve higher prediction accuracy. The research first reported heritability estimation in rabbits by using genome-wide markers, and provided 50K as an optimal marker density for further microarray design, genetic evaluation and genomic selection in Angora rabbits. We expect that the work could provide strategies for GS in early selection, and optimize breeding programs in rabbits.
Keywords: angora rabbit, wool, genomic selection, marker density, model
1 INTRODUCTION
The Angora rabbit is a well-known breed for fiber production that provides wool usually chosen for the production of luxury textile materials. Genetic improvement of wool production and quality is essential for achieving sustained increase in fiber production. Genomic selection (GS) is a potential breeding tool, and has been successfully employed in many farm animals, such as pigs and dairy cattle (Meuwissen et al., 2013; Gorjanc et al., 2015; Wiggans et al., 2017; Yang et al., 2020). GS can reduce the interval of generation, improve the accuracy and intensity of selection, and contribute to genetic improvement (He et al., 2019). A number of simulation and empirical studies on GS has realized impacts on improvement in the animal production (Solberg et al., 2008; Wiggans et al., 2017; Karimi et al., 2019; Yang et al., 2020), and GS has been effectively used in animal breeding programs for more than a decade (Hayes et al., 2009; Jannink et al., 2010). The exploitation of genome-assisted approaches could greatly benefit breeding efforts in Angora rabbits, though rabbits breeding is slower to adopt this technology. In rabbits, a high-density commercial SNP microarray (Affymetrix Axiom OrcunSNP Array, around 200k SNPs) was not available until 2015, and a lack in inexpensive chips and high genotyping cost by genome sequencing in rabbits delay genomic selection application; Additional issues such as the small economic value of paternal rabbits and the short generation interval are still limiting genomic selection as an evaluating method (Mancin et al., 2021).
Various factors appear to affect prediction accuracy in genomic selection (Covarrubias-Pazaran et al., 2018; Krishnappa et al., 2021). Marker density is a force driving the prediction accuracies of GS, and has been so far one of the most studied factors. It is suggested that high density markers can improve the prediction accuracy (Hickey et al., 2014; Al-Khudhair et al., 2021), and the consensus is that a higher number of markers usually yield higher accuracy reaching a plateau (Wang et al., 2017; Krishnappa et al., 2021). In the presence of genome resequencing, genome-wide SNPs are available for rabbits, but what density of markers is optimal for GS in Angora rabbits, i.e., the density reaching a plateau, remains obscure, since the efficient SNP number could reduce the dimensionality of the GS model.
Various studies related to GS have been mostly confined to single trait in the recent past, although they performed not very well in cases of pleiotropy, missing data and low heritability (Boison et al., 2017; Budhlakoti et al., 2019). Gradually, studies were carried out to explore the possibility of methods for GS based on multiple traits that enabled to provide accurate genomic prediction by exploiting the information of correlated structure among response (Budhlakoti et al., 2019). In addition, breeders in animal breeding usually record one trait at multiple times throughout the lifetime of animals that are often strongly genetically correlated. The optimal estimation procedure is to combine information from multiple records of different traits or different times to obtain genomic estimated breeding values (GEBV) using the multi-trait models (Okeke et al., 2017; Covarrubias-Pazaran et al., 2018). In the breeding of Angora rabbits, we have very little idea about the performance of GS, so single-trait and multi-trait models should be explored.
In this study, we used the genomic resources of Angora rabbits in hand to test the usefulness of genomic selection. In order to maximize genomic prediction accuracy, we focused on estimating the optimal marker density undergoing a renaissance thanks to genome resequencing, and comparing the GS performance between single-trait and multi-trait models for genomic best linear unbiased prediction (GBLUP). The research would provide strategies for GS in early selection of wool production, and optimize breeding programs in Angora rabbits.
2 MATERIALS AND METHODS
2.1 Animal phenotypes and genotypes
A total of 629 Agora rabbits (298 males and 331 females) used for this study were from same batch. All rabbits were housed under the same conditions on a farm, including diet, water and temperature. In production practice, the rabbits are artificially inseminated with mixed semen, so there is not a definite pedigree information for the studied population. The wool is harvested around every 70 days from 70 days of age, and after the third shearing, the rabbits are selected for breeding. The associated wool traits including length of fine wool (LFW), diameter of fine wool (DFW), coefficient of variation of diameter of fine wool (CVDFW), length of coarse wool (LCW), rate of coarse wool (RCW) and weight of sheared wool (WSW) were measured at 70, 140 and 210 days of age. In addition, body weight (BW) was measured at the same days of age. The descriptive summary was provided for the traits in Supplementary Table S1.
Ear samples were collected from the individuals. Genomic DNA was isolated using the Qiagen MinElute Kit. Genomic DNA from each sample was used to construct a paired-end library (PE150) with an insert size of ∼350 bp. All libraries were sequenced on the DNBSEQ-T7 platform. By low-coverage whole genome sequencing (LCS), an average of 3.84X genomic coverage was sequenced, with the read depth varying from 1.51X to 8.03X. Read quality was assessed using FastQC (https://www.bioinformatics.babraham.ac.uk/projects/fastqc/). Adapters and low-quality bases were removed using Trimmomatic (Bolger et al., 2014). Sample reads were mapped to the rabbit reference sequence GCF_000003625.3 (Oryctolagus cuniculus) using BWA-mem (Li and Durbin, 2009). SNPs were called using BaseVar (Liu et al., 2018) and imputed genotype dosages at missing sites using STITCH (Davies et al., 2016). The SNPs were filtered for an imputation info score >0.4 using Bcftools (Li, 2011), and then with ‘MAF >0.05, genotype missing rate <0.1 and a Hardy-Weinberg equilibrium (HWE) p-value > 1E-6’ using PLINK (Chang et al., 2015). The sites which were missing in 10% of the individuals after STITCH imputation were then imputed by Beagle v5.1 Beagle v5.1 (Browning et al., 2018). A total of 18,577,154 high-quality SNPs (imputation accuracy above 98%) were used after stringent quality control. The manipulation of phenotypes and genotypes is detailed in the previous study (Wang et al., 2022).
2.2 Models
In our studies, univariate linear mixed models (uvLMM) were used to analyze the traits measured at three time points, respectively. The univariate linear mixed models are formulated as
[image: image]
Here, [image: image] is the phenotypic vectors of a specific time point; [image: image] is the vector of fixed effects including population mean, batch and sex; [image: image] is the vector of random genetic effects; [image: image] is the vector of random residuals. [image: image] and [image: image] are the corresponding design matrixes. The distributions of random effects are
[image: image]
Where, [image: image] is the genetic variance; [image: image] is the residual variance; [image: image] is the genomic relationship matrix built with method of VanRaden (Vanraden, 2008); [image: image] an identity matrix.
To test the performance of GS using multivariate linear mixed models (mvLMM), we regarded the records from three time points of one trait as different traits and used mvLMM to analyze the data. The multivariate linear mixed models are formulated as
[image: image]
All symbols have the same meaning with the single-trait models, and subscripts ([image: image]) indicate the ith time point. The distributions of random effects are
[image: image]
Where, [image: image] and [image: image] are a [image: image] covariance matrix for the genetic effects and residual errors.
2.3 Marker densities
To evaluate the influence of marker density on the heritability estimation and genomic prediction, we randomly selected 0.5K, 1K, 3K, 5K, 10K, 50K, 100K, 500K, 1M and 2M from the original 18.6M markers. Then, we used these randomly selected markers to build the genomic relationship matrix, and estimate heritabilities and genomic breeding values with univariate linear mixed models. For each marker density, we repeat this process for 30 times to obtain stable results.
2.4 Cross-validation
We used 10-fold cross-validation (CV) to assess the accuracy of the genomic prediction. The 629 individuals were randomly shuffled and split into 10 groups. One of them was used as a validation population in turn, and the remaining nine groups used as a training population. The accuracy of genomic prediction was assessed by the correlation between corrected phenotypic values ([image: image]) and GEBVs in the validation population ([image: image]). Here, the corrected phenotypic values were calculated with general linear model, which removed sex and batch effects from the original phenotypic values. For the three-trait models analysis, we also compared different leave-out strategies: 1) leave out the observations of all the three time points; 2) leave out the observations of the last two time points; 3) leave out the observations of the last time point. The aim of the three leave-out strategies was to explore whether and how the accuracy of the genomic prediction would be improved with early measured traits. In the study, we used two-sample t-test to determine whether the prediction accuracies from two experiments (varied marker densities or models) were significantly different from each other.
2.5 Implements
The genomic relationship matrix was built with GMAT (https://github.com/chaoning/GMAT), and uvLMM and mvLMM were implemented with DMU package (https://dmu.ghpc.au.dk/dmu/).
3 RESULTS
3.1 50K markers are the baseline to estimate heritability for angora rabbits
In order to produce different marker densities, we randomly selected 0.5K, 1K, 3K, 5K, 10K, 50K, 100K, 500K, 1M and 2M from the original sequencing markers and repeat 30 times for each marker density to reduce the sampling error. We calculated the Pearson correlation coefficients between all genomic relationship matrixes built from randomly selected markers for each maker density. We found that the Pearson correlation coefficients increased rapidly and the dispersion degree decreased with the increase of marker density from 0.5K to 50K, and the values tended to be steady with the minimum value exceeding 0.99 (Figure 1A). We categorized traits into three categories according to the heritability estimated with the original sequencing markers: low heritability (<0.1), medium heritability (0.1–0.3) and high heritability (>0.3), and showed the average estimated heritability of 30 random selections for each marker density in Figures 1B–D. We observed that estimated heritabilities increased rapidly with the marker density increasing from 0.5K to 50K, and then maintained steady when the marker density continued to increase for all levels of heritability. The heritabilities estimated by the genome markers of 18.6M were listed in Table 1.
[image: Figure 1]FIGURE 1 | Heritability estimation of wool traits and body weight with varied marker densities. (A) Pearson correlation coefficients between all genomic relationship matrixes built from randomly selected markers; The changing estimated heritability for low heritability traits (B), medium heritability traits (C) and high heritability traits (D). Traits were categorized into three categories according to the heritability estimated with the original sequencing markers: low heritability (<0.1), medium heritability (0.1–0.3) and high heritability (>0.3).
TABLE 1 | Heritability estimated by the genome markers of 18.6M in the single-trait model.
[image: Table 1]3.2 50K markers can achieve ideal prediction accuracy for angora rabbits
We calculated the prediction accuracy for each trait by averaging the cross-validation results of 30 random selections (Supplementary Table S2), and showed the changing prediction accuracy with the increase of marker density in Figure 2. For all traits, the mean accuracies were lower than 0.3 regardless of marker density. Similar to the change tendency of estimated heritability, we found that the prediction accuracy increased rapidly with the increase of marker density from 0.5K to 50K, and it improved very little when the marker density continued to increase. In addition, the significance of the differences between the prediction accuracies under different marker densities was listed in Supplementary Table S3. There was no significant difference between the accuracies under the marker density of 50K and 100K for all the traits, while when comparing 50K–10K, the difference between the accuracies was significant for several traits such as BW140, BW210, DFW210, LCW70 and WSW140.
[image: Figure 2]FIGURE 2 | Mean prediction accuracies of cross-validation under different marker densities.
3.3 Multiple-trait models can improve the prediction accuracy in genomic selection
We applied the multiple-trait models to analyze the records from three time points of one trait. Compared to the single-trait models, the prediction accuracy of nearly all traits could be improved, except that it was slightly decreased for BW140 which was decreased from 0.292 from 0.288 (Figure 3, Supplementary Table S4 and S5). The Pearson correlation coefficient between the increased prediction accuracy from single-trait to multiple-trait models and estimated heritability was -0.584 (p = 0.0055), which indicated that the prediction accuracy of traits with lower heritability can be improved more with multiple-trait models. For example, CVDFW belonging to low heritability traits, its estimated heritabilities at three time points were 0.018, 0.063 and 0.075, respectively, but their prediction accuracy could be improved by 71.35%, 85.71% and 68.81%, respectively.
[image: Figure 3]FIGURE 3 | Mean prediction accuracies of cross-validation by different models. uvLMM: univariate linear mixed models which analyzed records of different time points, respectively; mvLMM: multivariate linear mixed models which considered the correlations of different time points and leave out the observations of all the three time points in the cross-validation experiments; mvLMM23: leave out the observations of the second and third time points in the cross-validation experiments; mvLMM3: leave out the observations of the third time points in the cross-validation experiments.
In the cross-validation experiments, if we kept the observations of early time points in the validation groups, the prediction accuracy could be further improved by multiple-trait models; and the more observations of early time points kept, the higher prediction accuracy could reach for the majority of traits (Figure 3, Supplementary Table S4 and S5).
4 DISCUSSION
Genomic selection promises to accelerate genetic gain in animal breeding programs (Meuwissen et al., 2013; Gorjanc et al., 2015; Yang et al., 2020). Practically, to implement GS in Angora rabbit breeding, it is necessary to evaluate different marker densities and GS models to develop suitable strategies for an optimized breeding pipeline.
Low-coverage sequencing combined with genotype imputation boosts the number of SNPs across the genome. It plays out advantages in obtaining genotyping information since both DNA library and sequencing cost decreased (Nicod et al., 2016; Meier et al., 2021) especially when lacking in microarray (Davies et al., 2016; Davies et al., 2021). In this study, we evaluated different marker densities for heritability estimation and genomic selection, and provided 50K as an optimal marker density for further microarray design, genetic evaluation and genomic selection in rabbits, since the efficient SNP number could reduce the dimensionality of the calculation model.
The heritability of various traits in rabbits was traditionally estimated by using pedigree information (Dige et al., 2012; El Nagar et al., 2020; Montes-Vergara et al., 2021). To our knowledge, this study was the first report for heritability estimation in rabbits by using genome-wide markers. What’s more, for Angora rabbits, little information is available on heritabilities of production performance and economic traits. The previous estimation using pedigree information included the heritability of wool production, coarse wool rate and body weight of Wan-strain Angora rabbits at 11-month-old (0.33, 0.21 and 0.43, respectively) (Zhao. et al., 2016), and the heritability of weaning weight, wool yield of first, second and third clips of Angora rabbits (0.24, 0.22, 0.20 and 0.21, respectively) (Niranjan et al., 2011). By exploring the influence of marker density on heritability estimation, we estimated stable heritabilities for wool and body weight traits of Angora rabbits at the marker density of 50K.
It becomes clear that the increase in the marker density by panels and even genome sequencing could not result in ceaselessly increase in the accuracy of genomic selection (Chang et al., 2019). In this study, the marker density showed major effects on the improvement of prediction accuracy below 50K, which showed the accuracy predicted by GS increased as the marker density increased for all traits in the rabbit population. However, above a threshold of 50K, the marker density showed minor effects. 50K is a density of genome markers in common usage for livestock genetics and breeding (Nandolo et al., 2019; He et al., 2020; Bhuiyan et al., 2021; Liu et al., 2021; Singh et al., 2021). Similar phenomenon was found in other species though the baseline of marker density was different (Spindel et al., 2015; Wang et al., 2017). The threshold where the plateau takes place might be associated with the extent of linkage disequilibrium (LD) between genome markers and QTLs. At a long extent of LD, the number of independent segments in the genome is expected to be small, which means fewer markers are needed to mark all segments (Wientjes et al., 2013; Wang et al., 2017). In the present study, the average pairwise LD r2 values decreased to 0.16 at 500 kb and to 0.11 at 1 Mb (Wang et al., 2022), and the population was considered to have a relatively slow decay of LD similar to other livestock population, hence 50K, a small number of markers, was sufficient to produce the accurate prediction.
A large number of genomic selection studies have focused on single-trait analyses (Boison et al., 2017; Budhlakoti et al., 2019). However, many traits are genetically correlated, such as the Angora wool traits among different shearing times. It has been shown that a multiple-trait genomic model had higher prediction accuracy than a single-trait genomic model, and the use of multiple-trait models is one of the ideas to increase the predictive ability of GS (Guo et al., 2014; Covarrubias-Pazaran et al., 2018). In this study, the majority of traits reached higher accuracy predicted by multiple-trait models than by single-trait models, because multiple-trait models used information from genetically correlated traits (Jia and Jannink, 2012). Furthermore, we observed high significant negative correlation between the increased prediction accuracy from single-trait to multiple-trait models and estimated heritability. The results indicated that low-heritability traits can borrow more information from correlated traits and hence achieve higher prediction accuracy. Especially, the prediction accuracy of BW140 with the highest heritability among the analyzed traits, was slightly decreased. Since many wool traits belong to medium and low heritability, this characteristic of multiple-trait could be very important in Angora rabbits breeding (Jia and Jannink, 2012).
5 CONCLUSION
Genomic selection was applied to Angora rabbits based on low-coverage sequencing combined with genotype imputation. A total of 18,577,154 high-quality SNPs were obtained with imputation accuracy above 98%. From the original markers, 0.5K, 1K, 3K, 5K, 10K, 50K, 100K, 500K, 1M and 2M were randomly selected and evaluated, resulting in 50K markers as the baseline for the heritability estimation and genomic prediction. Comparing to the GS performance of single-trait models, the prediction accuracy of nearly all traits could be improved by multi-trait models. Furthermore, we observed high significant negative correlation between the increased prediction accuracy from single-trait to multiple-trait models and estimated heritability. The results indicated that low-heritability traits could borrow more information from correlated traits and hence achieve higher prediction accuracy. The research first reported heritability estimation in rabbits by using genome-wide markers, and provided 50K as an optimal marker density for further microarray design, genetic evaluation and genomic selection in Angora rabbits. We expect that the work could provide strategies for early selection, and optimize breeding programs in rabbits.
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The genomic selection program for dairy cattle in the United States has doubled the rate of genetic gain. Since 2010, the average annual increase in net merit has been $85 compared to $40 during the previous 5 years. The number of genotypes has been rapidly increasing both domestically and internationally and reached over 6.5 million in 2022 with 1,134,593 submitted in 2021. Evaluations are calculated for over 50 traits. Feed efficiency (residual feed intake), heifer and cow livability, age at first calving, six health traits, and gestation length have been added in recent years to represent the economic value of selection candidates more accurately; work is underway to develop evaluations for hoof health. Evaluations of animals with newly submitted genotypes are calculated weekly. In April 2019, evaluations were extended to crossbreds; to support that effort, evaluations are initially calculated on an all-breed base and then blended by an estimated breed composition. For animals that are less than 90% of one breed, the evaluation is calculated by weighting contributions of each of the five major dairy breeds evaluated (Ayrshire, Brown Swiss, Guernsey, Holstein, and Jersey) by the breed proportion. Nearly 200,000 animals received blended evaluations in July 2022. Pedigree is augmented by using haplotype matching to discover maternal grandsires and great-grandsires. Haplotype analysis is also used to discover undesirable recessive conditions. In many cases, the causative variant has been identified, and results from a gene test or inclusion on a genotyping chip improves the accuracy of those determinations for the current 27 conditions reported. Recently discovered recessive conditions include neuropathy with splayed forelimbs in Jerseys, early embryonic death in Holsteins, and curly calves in Ayrshires. Techniques have been developed to support rapid searches for parent-progeny relationships and identical genotypes among all likely genotypes, which substantially reduces processing time. Work continues on using sequence data to discover additional informative single nucleotide polymorphisms and to incorporate those previously discovered. Adoption of genotyping by sequencing is expected to improve flexibility of marker selection. The success of the Council on Dairy Cattle Breeding in conducting the genetic evaluation program is the result of close cooperation with industry and research groups, including the United States Department of Agriculture, breed associations, genotyping laboratories, and artificial-insemination organizations.
Keywords: genomic selection, dairy cattle, genetic gain, genetic-economic index, breed composition, ancestor discovery, haplotype, recessive discovery
1 INTRODUCTION
Genomic selection has revolutionized dairy cattle breeding by doubling the rate of genetic gain primarily through halving the generation interval. In the United States, the Council on Dairy Cattle Breeding (CDCB) conducts a genetic evaluation program that includes genotypes from all over the world. The number of genotypes in the collection has been rapidly increasing and reached 6.6 million in August 2022 with 1,134,593 submitted in 2021 (Council on Dairy Cattle Breeding, 2022b). Continuous refinement of the program involves incorporating research results to improve accuracy, exploiting technological advances, and adapting to changes in the industry. Changes include extending evaluations to crossbreds, increasing the frequency of evaluation, revising the set of genotype markers used, adding evaluations for health, reproduction and feed efficiency traits, updating genetic indexes to improve ranking based on economic value, detecting additional deleterious genetic factors, augmenting pedigree by discovering ancestors, and providing breed composition information. This article is an update and expansion of Wiggans (2017).
2 CHARACTERISTICS OF GENOMIC EVALUATION SYSTEM IN THE UNITED STATES
The first official genomic evaluations were released in January 2009 for Holsteins and Jerseys. Figure 1 shows the growth in number of genotypes submitted (excluding withdrawn) by year. In 2008 and 2009, more genotypes for bulls were received than for cows, however, in later years, the number of bull genotypes received has been nearly constant while the number of genotypes of females received increased rapidly. Figure 2 shows the number of genotypes submitted as of June 2022 by global region. Genomic evaluations were rapidly accepted by the dairy industry as the basis for selecting service sires. In just a few years, the majority of breedings were to bulls with only genomic evaluations (Figure 3).
[image: Figure 1]FIGURE 1 | Number of dairy cattle genotypes submitted in the United States by year that first genotype was received.
[image: Figure 2]FIGURE 2 | Total number of genotypes that have been submitted in the United States by global region as of June 2022.
[image: Figure 3]FIGURE 3 | Genomic profile of Holstein service sires used for artificial-insemination breeding in the United States since 2011.
The genotyping chips used for dairy cattle also have evolved. To reduce the cost of genotyping, chips with fewer single nucleotide polymorphism (SNP) markers were introduced after the initial 50 K chip (54,001 SNPs). As technology advanced, higher density chips were offered. Typically, bulls that are marketed, have two genotypes: the first to determine if they rank high enough to be marketable and the second with higher density to maximize the accuracy of their evaluation by minimizing imputation errors. Figure 4 shows the distribution of chip densities for genotypes received in 2021.
[image: Figure 4]FIGURE 4 | Marker density of genotyping chips for genotypes received in 2021 in the United States.
Generation interval is the average age of parents when offspring are born and impacts genetic improvement. The shorter the generation interval, the faster progress can be made so long as accuracy is not compromised excessively. A few years after genomic evaluations became official in 2009, parent ages for bulls began to drop dramatically and are now near the biological minimum (Figure 5).
[image: Figure 5]FIGURE 5 | Generation intervals for Holsteins in the United States by sex and year.
Genomic selection has produced a large increase in genetic trend as indicated by the average net merit of marketed Holstein bulls in the United States (Figure 6). The $85 annual trend for Holstein bulls that entered artificial-insemination service since 2011 is more than double that for the period from 2005 through 2009 period ($40), which was already a substantial improvement over the $13 average gain for the period from 2000 through 2004.
[image: Figure 6]FIGURE 6 | Gain in net merit for marketed Holstein bulls in the United States by entry year into artificial-insemination service.
2.1 Traits evaluated
The national genetic evaluations calculated by the CDCB currently include over 50 traits (Council on Dairy Cattle Breeding, 2022a). Production traits include milk yield, fat yield and percentage, and protein yield and percentage. Milking speed is collected only through the Brown Swiss type program so is only evaluated for that breed. Eighteen conformation (type) traits are included for non-Holstein breeds; Holstein conformation evaluations are calculated by Holstein Association USA (2022). Longevity traits include productive life, cow livability, and heifer livability (birth to first calving, added in 2020). Fertility traits include daughter pregnancy rate, cow conception rate, calving to first insemination, gestation length, and early first calving (added in 2019); male fertility is evaluated phenotypically as service-sire relative conception rate. The calving traits of dystocia (calving ease) and stillbirth rate are combined into a calving ability index. In addition to traditional evaluations for somatic cell score as a measure of mastitis resistance, evaluations for other health traits were introduced in 2018: displaced abomasum, ketosis, mastitis, metritis, milk fever (hypocalcemia), and retained placenta. In 2020, the trait feed saved was added as a measure of genetic merit for feed efficiency; it combines evaluations of body weight composite and residual feed intake (Council on Dairy Cattle Breeding, 2020). Most traits make a direct contribution to economic value. Gestation length is not included in the economic indexes; however, it is correlated with calving traits and may be useful in pasture-based systems to assist in determining calving date.
2.2 Genetic-economic indices
Lifetime genetic-economic indices are provided to the dairy industry for net merit, fluid merit, cheese merit, and grazing merit (Vanraden et al., 2021). Those indices rank animals based on their combined genetic merit for economically important traits. Multiple indexes are provided to support selection in a range of management and milk payment schemes. The indices are updated periodically to include new traits and to reflect prices expected in the next few years. The most recent update was in August 2021 and included information for the newly evaluated traits of feed saved, heifer livability, and early first calving (Figure 7).
[image: Figure 7]FIGURE 7 | Relative emphasis on traits in the net merit (NM$) genetic-economic index revised in August 2021 by the Council on Dairy Cattle Breeding. Body weight composite, BWC; calving ability (calving ease and stillbirth rate), CA$; cow conception rate, CCR; cow livability, LIV; daughter pregnancy rate, DPR; displaced abomasum, DA; early first calving, EFC; feet-legs composite, FLC; heifer conception rate, HCR; heifer livability, HLIV; ketosis, KETO; mastitis, MAST; metritis, METR; milk fever, MFEV; productive life, PL; residual feed intake, RFI; retained placenta, RETP; somatic cell score, SCS; udder composite, UC.
2.3 Evaluation calculation features
Genomic evaluations are based on estimation of allele substitution effects for 78,964 SNPs selected considering minor allele frequency, distribution across the genome, linkage to genes of particular interest, and reliability considering call rate and Mendelian consistency. The sum of SNP effects, called direct genomic value, is combined with an estimate of polygenetic effects and the traditional evaluation to create the genomic evaluation (Vanraden, 2008). This is called the two-step method because traditional evaluations are calculated without the genomic data, which prevents consideration of selection based on genomic information and could cause selection bias. A single-step approach has been developed to allow simultaneous consideration of the genotypes and trait observations (Legarra and Ducrocq, 2012). Adapting the one-step method to the massive US dataset is an ongoing research project.
2.3.1 Estimation of breed composition
Breed composition is estimated with the same set of 78,964 SNPs used to determine the direct genomic values for other traits. The predictor population is purebred bulls, and the data are defined as one for the animal’s breed and 0 otherwise. Solutions (as percentages) are forced to add to 100, and portions of less than 2% are distributed to remaining breeds. The percentages are called breed base representation (BBR). They are used to validate the breed of the identification data for an animal and weight individual breed contribution to the evaluations of crossbreds.
2.3.2 Evaluation of crossbreds
Because SNP effects differ by breed, genomic evaluations are calculated separately by breed. To provide evaluations for crossbreds, SNP effects from the individual breeds are combined. Animals with a highest BBR of less than 89.5% are evaluated as crossbreds, and their evaluations are a blend of their direct genomic values weighted by their BBRs for each breed. This blending is possible for traits that are initially evaluated on an all-breed base. Type traits and traits that are not calculated for all breeds are not blended; therefore, the animal receives an evaluation for the breed with the highest BBR. For first-generation crosses, the breed from the preferred identification determines the breed of evaluation. Nearly 200,000 animals received blended evaluations in July 2022.
2.4 Pedigree validation and discovery
Each genotype is compared with the genotypes of parents and then with all existing genotypes that might have a parent-progeny relationship or be identical. To limit the time required, birth date limits are imposed. If both parents are confirmed, the search is limited to genotypes of animals born no more than 5 years before. That limit is increased to 12 years for other animals. Genotypes of bulls born more than 5 years ago without progeny born in the preceding 5 years are skipped unless their genotype was added to the evaluation system within the last year. No animals with genotyped progeny are skipped. Animals with conflicting parents or discovered relationships are not evaluated until the conflicts are resolved. In general, for a conflicting pair, the genotype with the less reliable information is the one designated as not usable. If a parent is not genotyped or not confirmed, the likelihood of the grandsire is determined. If the grandsire is unlikely, the animal is not evaluated.
Discovery of maternal grandsires (MGS) and maternal great-grandsires (MGGS) is done as part of the evaluation based on haplotypes in common. An imputation process is used to create genotypes with 78,964 SNPs from incoming genotypes of various lengths. The genome is divided into intervals and maternal or paternal origin is determined. Those haplotypes are compared, and bulls are designated as discovered ancestors based on the percentage of haplotypes in common. Crossing over reduces the expected haplotypes in common to 45% for MGS and 20% for MGGS. A bull’s percentage must exceed the next highest bull’s by 15% and have a percent matches greater than 35% for MGS and 15% for MGGS to be designated as discovered. The age of the bull at the birth of the grand progeny/great grand progeny is considered. The discoveries are used to remove an unlikely grandsire designation if the discovered grandsire is the same as the pedigree grandsire. If no pedigree information on a dam or granddam was provided, the discovered MGS and MGGS are added to the pedigree. Similarly, if the connecting dam is unknown, identification data will be constructed so that a pedigree record can be created to store the MGS or MGGS information.
To speed discovery, a set of 3,552 SNPs that are present on most genotyping chips and have high call rate and good Mendelian consistency were selected. Comparisons are ordered so that checking stops after 96 or 1,000 SNPs if the percentage of conflicts exceeds that likely for a parent-progeny relationship. The discovered closely related pairs are stored using a unique genotype identification so that the identity of close relatives is not affected by genotype reassignment.
2.5 Mating decisions
The CDCB provides information on the genomic relationships between potential dams and currently marketed bulls. Those data report the actual portion of genetic variants (alleles) in common, in contrast to pedigree analysis, which can only give the average based on relationships. This allows avoiding inbreeding more precisely.
The CDCB also provides predictions for a number of recessive conditions so that likely carrier-to-carrier matings can be avoided even without testing an animal. The haplotypes that affect fertility are conditions discovered through genomics and can now be considered in matings. Currently, 27 conditions are reported (Cole et al., 2022). Recently added recessives include JNS (neuropathy with splayed forelimbs in Jerseys), HH6 (early embryonic death in Holsteins), and AHC (curly calves in Ayrshires).
Future mating programs may also consider the effects of dominance, which causes some sire-MGS grandsire combinations to do better than expected and others to do worse.
3 METHODS TO INCREASE EVALUATION ACCURACY
Genomic evaluation relies on having enough DNA markers to track the segments of chromosomes associated with high performance across generations. The SNPs are used as markers because of their reliability and low cost. However, crossing over (recombination) can disrupt the associations between a marker and the causative variant, which results in a decay in the linkage between SNPs and genomic regions associated with high performance. To counteract this, new data are needed so that the SNP effects can be re-estimated to maintain or improve evaluation accuracy. Now that the cost of whole-genome sequencing has fallen and thousands of animals have been sequenced, research is focused on finding SNPs that are more closely associated with the causative genetic variants (or even the variants themselves). The closer the marker is to the causative variant, the lower the likelihood that recombination will disrupt the linkage.
3.1 More traits
For traditional genetic evaluations, an animal could only receive an evaluation for a trait that was observed for the animal or its offspring. Evaluation were limited to traits where large scale collection of data was possible such and milk and fat yield and type traits collected by breed associations. With genomics, evaluations can be generated for all genotyped animals if enough animals have genotypes and traditional evaluations for the trait (the reference population) to give reasonably accurate estimates of the SNP effects. Feed efficiency is an example of a small population of animals with feed intake measured providing the basis for feed saved evaluations for all genotyped animals. Efforts to collect data for more traits are ongoing. Foot health and milking speed are currently in the research phase. Mid-infrared spectroscopy of milk samples is expected to provide data related to traits of economic importance.
3.2 Larger reference population
Early in the development of the US genomic evaluation system, arrangements were made to share genotypes between countries to increase the size of the reference population (Wiggans et al., 2011). From the beginning, all US genotypes have been shared with Canada. For Holsteins, sharing is ongoing with Italy, the United Kingdom, Switzerland, and Germany. The reference population for Holsteins is so large that the value of adding older animals has declined; however, the addition of younger animals is still beneficial. The greatest benefit from sharing genotypes and phenotypic data may be for feed efficiency because of the high cost of data collection.
3.3 Better and more data
Herds with high levels of genotyping generally have fewer misidentified sires in their data that contribute to traditional evaluations. With better data, less information is lost from the extensive checks done by the CDCB to eliminate unreliable and inconsistent data. Genotypes are checked against all other genotypes to ensure they are assigned to the correct animal and that the parents are correctly identified. Data problems can include submitting the same identification number for different cows, not documenting that sexed semen was used for an insemination and reporting the transfer of an embryo to a recipient as a normal breeding. Greater knowledge of data usage should help providers better understand the importance and benefit of accurate data collection.
In addition to data accuracy, comprehensive reporting is important. Although genomics can be used to provide evaluations for animals without an observed trait, continued submission of phenotypic data still is needed to maintain accuracy. In recognition of the value of data, the CDCB makes payments to dairy records processing centers for providing data, supports the collection of feed efficiency data, and structures the fees for genomic evaluation to give a discount to data contributors.
The CDCB has a quality assurance program for the genotyping laboratories and nominators that includes monthly report cards and annual reviews. To become certified, the organizations must demonstrate the ability to provide data in the required formats. The monthly reports for labs include SNP accuracy and completeness as well as the percentage of genotypes with nomination and animal genotypes with a low call rate. The labs receive reports on those characteristics for each submission for possible correction before submissions are to added to the database.
4 CONCLUSION
The popularity of the genomic evaluation program in the United States has resulted in a rapid growth in the genotyping of dairy cattle. When genomic evaluation began in 2008, the focus was on bulls, but genotyping of females has grown rapidly in recent years. Many dairy producers genotype all their heifers so that they can select among a range of breeding and management strategies.
Dairy genetics in the United States and worldwide have been transformed by the use of genomic information. Genomic evaluations determine the value of animals at a much earlier age and have contributed to a dramatic increase in the rate of genetic improvement. Bulls are used widely as sires based on the analysis of their DNA before they have any milking daughters. A continuing stream of improvements are planned to increase accuracy and comprehensiveness of genomic evaluations. Success requires a partnership between data suppliers and users to generate the most effective information for all.
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Alternative splicing (AS) allows the generation of multiple transcript variants from a single gene and affects biological processes by generating protein diversity in organisms. In total, 41,642 AS events corresponding to 9,924 genes were identified, and SE is the most abundant alternatively spliced type. The analysis of functional categories demonstrates that alternatively spliced differentially expressed genes (DEGs) were enriched in the MAPK signaling pathway and hypoxia-inducible factor 1 (HIF-1) signaling pathway. Proteoglycans in cancer between the normoxic (21% O2, TN and LN) and hypoxic (2% O2, TL and LL) groups, such as SLC2A1, HK1, HK2, ENO3, and PFKFB3, have the potential to rapidly proliferate alveolar type II epithelial (ATII) cells by increasing the intracellular levels of glucose and quickly divert to anabolic pathways by glycolysis intermediates under hypoxia. ACADL, EHHADH, and CPT1A undergo one or two AS types with different frequencies in ATII cells between TN and TL groups (excluding alternatively spliced DEGs shared between normoxic and hypoxic groups), and a constant supply of lipids might be obtained either from the circulation or de novo synthesis for better growth of ATII cells under hypoxia condition. MCM7 and MCM3 undergo different AS types between LN and LL groups (excluding alternatively spliced DEGs shared between normoxic and hypoxic groups), which may bind to the amino-terminal PER-SIM-ARNT domain and the carboxyl terminus of HIF-1α to maintain their stability. Overall, AS and expression levels of candidate mRNAs between Tibetan pigs and Landrace pigs revealed by RNA-seq suggest their potential involvement in the ATII cells grown under hypoxia conditions.
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Introduction

Tibetan pigs adapt well to hypoxic environments compared to other pigs, as the native breeds live in the Qinghai-Tibet Plateau (1). Studies have shown that Tibetan pigs have evolved typical characteristics to adapt to high-altitude hypoxia, especially with developed lungs, denser pulmonary arterioles, and larger alveoli (2, 3). Hypoxia could induce epithelial injury, influence alveolar homeostasis, and cause a series of pulmonary diseases, such as pulmonary hypertension (4, 5), chronic obstructive pulmonary disease (6, 7), and pulmonary fibrosis (8). Alveolar type I epithelial (ATI) and alveolar type II epithelial (ATII) cells have covered the alveolar surface. ATII can transform into ATI and is responsible for the lungs' repair, recycling, and production (9, 10). ATII could undergo cell death and replace by myofibroblasts in hypoxia-induced IPF, which prevents the repairing and renewal of the alveolar wall (11). The injury of regeneration and transdifferentiation in alveolar epithelial cells are vital points that lead to the disease under hypoxia-induced, which may result in breaks in epithelial basement membranes of alveoli (9). Activation of endoplasmic reticulum stress (12), a different expression of ROS (13), and hemoglobin (14) could involve in the oxygen-sensing pathway in alveolar epithelial cells. Alternative splicing (AS) is one of the essential mechanisms in post-transcriptional regulation and could be regulated by many biotic and abiotic stress factors, especially tightly associated with hypoxic adaptation of cells (15). For example, splicing targets of alternative first exon usage, exon skipping, and intron retention could potentially contribute to cancer cell hypoxic adaptation by promoting cancer cell proliferation, transcriptional regulation, and migration (16–18). Large-scale alterations in alternative splicing of ribosomal protein mRNAs were influenced by hypoxia (19). Promotes expression of the angiogenesis inhibitory alternatively spliced hypoxia-inducible factor-3α (HIF-3α) IPAS isoform, and HIF-1α splicing during angiogenesis could be regulated by hypoxia (18, 20). Recent studies have identified alternative splicing events that exist in lung (21–23), heat (24), and ovary (25). Until now, the analysis of alternative splicing in ATII was rarely reported. Here, we carried out a comparative study of AS in ATII during normoxic (21% O2) and hypoxic (21% O2) to explore the patterns and conservation of AS between Tibetan pigs and Landrace pigs. Our results supported further development of hypoxia-associated splicing events in ATII, representing one of the steps forward in the hypoxic adaptation of Tibetan pigs.



Materials and methods


Samples

Alveolar type II epithelial primary cells from newborn male Tibetan pigs and Landrace pigs were isolated and cultured as described previously (26) with minor modifications. ATII cells were collected at 48 h, which were cultured under normoxic conditions (21% O2, 5% CO2, and 79% N2) between Tibetan pigs (TN, n = 3) and Landrace pigs (LN, n = 3), and under hypoxic conditions (2% O2, 5% CO2, and 98% N2) between Tibetan pigs (TL, n = 3) and Landrace pigs (LL, n = 3), respectively.



RNA extraction, library construction, and sequencing

Total RNA was extracted from ATII cells using a TRIzol reagent kit (Invitrogen, Carlsbad, CA, USA), treated, removed, and precipitated using DNase I (NEB, Beijing, China) phenol-chloroform, and ethanol. Total RNA quality was determined using an Agilent 2100 Bioanalyzer (Agilent Technologies, Palo Alto, CA, USA) and checked using Rnase-free agarose gel electrophoresis.

The mRNAs and non-coding RNAs (ncRNAs) were obtained by removing ribosome RNAs (rRNAs) from total RNA, fragmented into short fragments using fragmentation buffer and reverse transcribed into complementary DNA (cDNA) with random primers, and synthesized to second-strand cDNA. Next, the cDNA fragments were ligated to Illumina sequencing adapters by purifying with a QiaQuick PCR extraction kit (Qiagen, Venlo, The Netherlands), and the second-strand cDNA was digested. The twelve cDNA libraries were generated, purified, and sequenced using Illumina HiSeq™ 4000 by Gene Denovo Biotechnology Co. (Guangzhou, China).



Relative abundance of mRNA

Clean, high-quality reads were obtained and filtered from raw reads using fastp (27) (version 0.18.0) and removing the rRNA mapped reads to the rRNA database. The RefSeq (Sus scrofa 11.1) databases were mapped using HISAT2 (28). Transcripts reconstruction was carried out with software Stringtie and HISAT2. HTSeq counted the number of reads aligned to each gene and exon. A fragment per kilobase of transcript per million mapped reads (FPKM) value was calculated to quantify its expression abundance. We carried out differentially expressed genes (DEGs) using a threshold of |log2(fold_change)| ≥2 and a false discovery rate (FDR) adjusted p-value <5%.



Identification of AS types and counts

Paired-end raw data were first evaluated using FastQC v0.11.8 (29), and quality control using the FASTX toolkit to trim bases in 5' sequences and trimmomatic to trim adaptor sequences and low-quality reads (30, 31). High-quality reads were aligned to the reference genome sequence (Sus scrofa 11.1) and merged using TopHat2 v2.1.1 (32) and Cufflinks v2.2.1 (33). Differential AS events were identified and analyzed using rMATS (version 4.0.1, http://rnaseq-mats.sourceforge.net/index.html) and AS variations of each transcription region by using StringTie software among four groups. The FDR <0.05 in the comparison was used to identify different AS events. The classification of AS was as follows: alternative 5′ splice sites (A5SSs), alternative 3' splice sites (A3SSs), retained introns (Ris), skipped exons (Ses), and mutually exclusive exons (MXEs) were the main categories of selective splicing.



Enrichment and integrative analysis of the alternatively spliced DEmRNAs regulatory network

We analyzed alternatively spliced DEGs using the Kyoto Encyclopedia of Genes and Genomes (KEGG) and Gene Ontology (GO) in the online tool database for annotation, visualization, and integrated discovery (DAVID, version 6.7, https://david.ncifcrf.gov/). GO was used to determine and explore the functions of the alternatively spliced DEGs as molecular function, biological process, and cellular component. KEGG analyzed alternatively spliced DEGs to reveal their roles, regulation processes, and enrichment in different biological pathways. The p-values <0.05 were considered significantly different enriched biological pathways. The co-expression regulatory network of alternatively spliced DEGs is generated using the PCC, and the diagram only shows the top 250. The potential regulatory network was constructed by Cytoscape (34).



qRT-PCR validation of AS events

The four groups randomly selected three alternatively spliced DEGs for Real-time quantitative reverse transcription polymerase chain reaction (qRT-PCR) verification. Total RNA was extracted from ATII cells to synthesize cDNA using a FastQuant cDNA first-strand synthesis kit (TianGen, China). The cDNA was subjected to qRT-PCR analysis. Transcript-specific primers (Supplementary Table S1 in Supplementary material 1) were designed based on the unique regions of selected alternatively spliced DEGs using Primer 5.0 software, β-actin was used as reference genes, and expression levels were calculated using the 2−ΔΔCt method. PCR conditions were performed as follows: 95°C for 30 s, forty cycles at 95°C for 5 s, 60°C for 30 s, and 72°C for 30 s.




Results


Forms of alternative splicing events

The average 11,245,202,725 bp clean data were obtained from 11,516,010,250 bp raw reads after filtering out low-quality data among twelve libraries (Supplementary Table S2 in Supplementary material 1). The 41,642 AS events corresponding to 9,924 genes were identified using genomic information and transcript data from the RNA-seq dataset (Figure 1, Supplementary material 2). Hypoxia-induced generally increased the number of AS events. Therefore, a total of five alternative splicing forms were obtained through data mapping analysis, such as A5SS, MXE, A3SS, SE, and RI, which revealed Ses as the most abundant event type (73.01%), followed by MXE (10.70%), A3SS (7.95%), and A5SS (5.02%); mutually RI occurred in only 3.32% of AS events among the four groups (Figure 2). Furthermore, 1,444, 2,192, 2,522, 954, and 9,238 alternatively spliced genes undergo A5SS, A3SS, MXE, RI, and SE events, respectively. The results demonstrated that almost all DEGs underwent at least one AS event. The frequencies of AS events were similar among different groups. The highest frequency (64) of AS events was in the TNC gene (ncbi_397460) in the TN group (Supplementary material 3), and the highest frequency of AS events was in the OBSCN gene among the four groups.


[image: Figure 1]
FIGURE 1
 Distribution of the different types of alternative splicing (AS) events. (A) Distribution of the known and novel AS. (B) The number of AS events among four groups. (C) Different types of AS events (a) between TN and TL, (b) between TN and LN, (c) between LN and LL, and (d) between TL and LL groups.
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FIGURE 2
 Relationship of the different types of AS events in (A) TL, (B) TN, (C) LL, and (D) LN.




Alternatively, spliced DEGs in ATII cells response to hypoxia

The analysis found that most of the DEGs underwent AS events. Approximately, 33,985 AS events of the total expressed genes and 1,763 significant AS events were screened between TN and TL groups (Supplementary Table S3 in Supplementary material 1). We further selected the 1,470 intersection genes between normoxic (21% O2, TN and LN) and hypoxic (2% O2, TL and LL) groups for significant hypoxia-related genes to identify their AS events, which revealed that 75.00% of them undergo diverse AS (Supplementary material 4). The AS of 901 intersection genes associated with hypoxia, such as EPAS1, NREP, and VPS13B, were only mediated by one or two events. Another 189 genes, such as CCDC14, NKTR, and ATRX, exhibited complex AS. For example, AS in NFAT5, ECM1, ZBTB20, KMT2E, ZMYM1, and PLAGL1 were classified as five basic types between normoxic and hypoxic groups. We found that 233 differential splicing events of 4,514 AS circumstances were present in 1,470 differentially expressed intersection genes between the TN and TL groups (Figure 3, Supplementary Table S4 in Supplementary material 1).


[image: Figure 3]
FIGURE 3
 The presence of alternate spliced DEGs in the cross region of normoxic and hypoxic groups. (A) DEGs with alternate splicing were distributed in Tibetan pigs and landrace pigs in normoxia and hypoxia groups; (B) Distribution of DEGs with alternate splicing in five splicing events of Tibetan pigs and Landrace pigs in normoxia and hypoxia groups, respectively.




GO and KEGG enrichment of alternatively spliced DEGs

The enrichment analyses of alternatively spliced DEGs were performed by GO analysis to investigate the biological function of AS events between normoxic (21% O2, TN and LN) and hypoxic (2% O2, TL and LL) groups. The results showed that 817 biological processes, 163 molecular functions, and 114 cellular components were significantly enriched (p < 0.05) (Figures 4A,B). For AS genes of DEGs, biological processes were enriched considerably, such as regulation of nucleobase-containing compound metabolic process (GO: 0019219), nucleic acid metabolic process (GO: 0090304), and nucleobase-containing compound metabolic process (GO: 0006139). Several genes were significantly enriched in the nucleus (GO: 0005634), intracellular part (GO: 0044424), and intracellular (GO: 0005622) cellular component. Binding (GO: 0005488), heterocyclic compound binding (GO: 1901363), and organic cyclic compound binding (GO: 0097159) of molecular functions were most significantly enriched. In a comparison of TN and TL (excluding alternatively spliced DEGs shared between normoxic and hypoxic groups), pyruvate metabolic process (GO: 0006090), binding (GO: 0005488), and intracellular part (GO: 0044424) of biological processes, molecular functions, and cellular components were most significantly enriched (Figures 4C,D). In a comparison of LN and LL (excluding alternatively spliced DEGs shared between normoxic and hypoxic groups), cellular metabolic process (GO: 0044237), catalytic activity (GO: 0003824), and intracellular part (GO: 0044424) of biological processes, molecular functions, and cellular components were most significantly enriched (Figures 4E,F).
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FIGURE 4
 GO functional annotation (A,B) between normoxic (TN and LN) and hypoxic (TL and LL) groups, (C,D) between TN and TL (excluding alternatively spliced DEGs shared between normoxia and hypoxia groups), and (E,F) between LN and LL (excluding alternatively spliced DEGs shared between normoxia and hypoxia groups) groups.


As the AS of mRNAs is directly related to functional characteristics, the function of alternatively spliced DEGs was analyzed by KEGG enrichment. A total of 279 pathways were enriched with 89 pathways significantly enriched (p < 0.05), of them MAPK signaling pathway (ko04010), HIF-1 signaling pathway (ko04066), and proteoglycans in cancer (ko05205) were most significantly enriched between normoxic (21% O2, TN vs. LN) and hypoxic (2% O2, TL vs. LL) groups (Figures 5A,B). When TL was compared with TN (excluding alternatively spliced DEGs shared between normoxic and hypoxic groups) groups, alternatively spliced DEGs were found to be significantly enriched in carbon metabolism (ko01200), glycolysis/gluconeogenesis (ko00010), and fatty acid metabolism (ko01212) pathways (Figures 5C,D). Cell cycle (ko04110), metabolic pathways (ko01100), and RNA transport (ko03013) were most significantly enriched by abundant genes between LN and LL groups (excluding alternatively spliced DEGs shared between normoxic and hypoxic groups) (Figures 5E,F).
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FIGURE 5
 KEGG enrichment pathways of alternatively spliced DEGs (A,B) between normoxic (TN and LN) and hypoxic (TL and LL) groups, (C,D) between TN and TL (excluding alternatively spliced DEGs shared between normoxia and hypoxia groups), and (E,F) between LN and LL (excluding alternatively spliced DEGs shared between normoxia and hypoxia groups) groups. The ordinate is the pathway, and the abscissa is the enrichment factor. Darker colors indicate smaller q-values.




Coexpression network of alternatively spliced DEGs expression profiles

Three hypoxia-related co-expression networks of alternatively spliced DEGs were constructed. The top 250 relationship pair network diagrams are listed, such as comparison groups of normoxia and hypoxia, TN and TL (excluding alternatively spliced DEGs shared between normoxia and hypoxia groups), LN and LL (excluding alternatively spliced DEGs shared between normoxia and hypoxia groups) (Figure 6, Supplementary Figures S1, S2). The intersection of comparisons between normoxic (TN, LN) and hypoxic (TL, LL) represented the main differences of ATII cells at different oxygen concentrations gradient. ROCK2 (ncbi_397445), KIF5B (ncbi_595132), and ZFP91 (ncbi_100525558) were selected as the most affected mRNAs, and there were strong correlations with several RNAs undergoing AS events between normoxic (TN, LN) and hypoxia (TL, LL) groups. Interestingly, VCAN (ncbi_397328), HSD3B1 (ncbi_445539), and FAM13C (ncbi_100525364) were most significantly correlated with a large number of alternatively spliced DEGs between TN and TL groups (excluding alternatively spliced DEGs shared between normoxia and hypoxia groups). Meanwhile, ITGAV (ncbi_397285), ADAM9 (ncbi_397344), and MYOF (ncbi_100154898) were most significantly correlated with a large number of alternatively spliced DEGs between LN and LL groups (excluding alternatively spliced DEGs shared between normoxia and hypoxia groups).
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FIGURE 6
 Coexpression network analyses of alternatively spliced DEGs between normoxic (TN and LN) and hypoxic (TL and LL) groups.




Verification of transcripts expression and AS events

Three alternatively spliced DEGs were randomly selected to further test the accuracy of RNA-seq data using qRT-PCR. HP1BP3, NECTIN2, and DDX11 were predicted and identified as having two transcripts, and the type of alternative splicing is SE. The expression levels of the transcript with inclusion and skipping are higher than that of skipping transcript among four groups (Supplementary Figure S3), indicating that the alternative splicing prediction based on RNA-seq data was reliable.




Discussion

The identification, characterization, and post-transcriptional regulation of alternatively spliced DEGs were widely studied by attracting the interest of researchers (15, 35, 36), such as Xiang pig gilts, bovine, and human. Animals have a more complicated and more extensive intron than plants (37). Transcriptome survey reveals increased complexity of the alternative splicing landscape in Arabidopsis (37–39), and their most common AS events were exon skipping and intron retention, respectively (40, 41). A5SS, MXE, A3SS, SE, and RI were components of five essential AS forms in our study, and this distribution pattern is also similar to that of other animals reported previously (15, 35, 42, 43), indicated that animals might possess similar alternative splicing forms. Alternative splicing events were numerous occur during organ development, tissue maturation, and cell differentiation, suggesting that alternative splicing supports proper development (15). The phenotype may be influenced by modification of gene transcription or translation induced by a hypoxia condition (44). SE may be the primary source of proteomic and transcriptomic and plays a significant role in hypoxia response by regulating genes and determining phenotype as the most abundant event types (73.01%) in ATII cells among four groups (45, 46).


Regulation of AS in ATII cells response to hypoxia

According to the KEGG enrichment, a total of 1,088 alternatively spliced DEmRNAs were enriched in 279 pathways between normoxic (21% O2, TN and LN) and hypoxic (2% O2, TL and LL) groups, of which 35, 17, and 25 genes were enriched in MAPK signaling pathway, HIF-1 signaling pathway, and proteoglycans in cancer. MAPK may arise and upregulate the transcription of anti-apoptotic genes under exposure to hypoxia and play critical roles in opposing the inflammatory response and regulating cell proliferation, differentiation, and apoptosis, which may be a novel strategy for the treatment of chronic obstructive pulmonary fibrosis (6, 47–50). Insulin-like growth factors (IGF1 and IGF2) enriched in 30 pathways and underwent one type of AS event between normoxic and hypoxic groups and might act as cross-talk between MAPK pathways and HIF signaling pathway (51), which may reduce ATII cell apoptosis under hypoxic conditions (52). The increase of HIF-1 transcriptional activity under a hypoxia environment is due to a decrease of cellular NAD+, which downregulates Sirt1 to enhance HIF-1α acetylation (53). As expected, we also discovered that several glycolysis-related genes (such as SLC2A1, HK1, HK2, ENO3, and PFKFB3) undergo one or two AS event types. The frequency of HK2 was higher in normoxia than that of hypoxia groups, and the frequency of SE events in ENO3 was lower in LN groups than any others. The frequency of SE events in HK1 was lowest in LL groups, enriched in the HIF-1 signaling pathway, and may promote anaerobic metabolism by elevating interstitial pressure and alleviating cell damage through glucose metabolism under hypoxia conditions (54, 55). The energy and metabolic intermediates produced through cells rely on glycolysis by hypoxia availability. HK1 and HK2, responsible for the initial steps of glycolysis, convert glucose to glucose-6-phosphate (G-6-P) through phosphorylation, initiating glycolysis and producing pyruvate and lactic acid as energy sources (56, 57). PFKFB enzymes catalyze the synthesis of fructose-2,6-bisphosphate (F-2,6-P2) as one of the numerous glycolytic regulators. PFKFB3 plays a dominant role in vascular cells, leukocytes, and many transformed cells and catalyzes the conversion of fructose-6-phosphate to fructose-1,6-biphosphate as the number of the four isoforms of PFKFBs (58, 59). PFKFB3 undergoes SE events and has a lower frequency in LN groups than in any other groups, may control the steady-state concentration of F-2,6-P2, and glycolysis also mediated the generation of growth factors and proinflammatory cytokines in ATII cells under hypoxia condition (59, 60). Thus, glycolysis intermediates can be increased in the intracellular levels of glucose and quickly diverted to anabolic pathways under hypoxia as substrates for lipid and protein biosynthesis and DNA replication to rapidly proliferate ATII cells (61, 62).

ROCK2, KIF5B, and Zinc finger protein 91 (ZFP91) regulated several mRNAs under hypoxia conditions stimulation as essential hypoxia-inducible genes between normoxia and hypoxia groups. Under hypoxia conditions, pulmonary arterial endothelial cells' proliferation and cell cycle via activation of the ROCK2 signaling pathway (63). Cell migration of macrophages and bladder cancer cells may inhibit ROCK2 expression (64, 65). ZFP91 could upregulate the expression of HIF-1α via binds to its promoter region and is involved in various biological processes (66, 67). In summary, the present study shows that the A3SS and SE AS events of ZFP91 and higher frequency of SE events in ROCK2 and under normoxia (LN and TN) groups may influence proliferation, apoptosis, and epithelial–mesenchymal transition of ATII cells (63–67).



Functional effects of alternatively spliced DEGs of Tibetan pigs and landrace pigs at hypoxia conditions

Although the alternatively spliced DEGs in the same oxygen concentration of Tibetan pigs and Landrace pigs should have similar alternative splicing, 18, 12, and 10 alternatively spliced DEGs were most significantly enriched in carbon metabolism, glycolysis/gluconeogenesis, and fatty acid metabolism among the TN and TL groups (excluding alternatively spliced DEGs shared between normoxic and hypoxic groups). LDHA undergoes SE and MXE events and is significantly enriched in the glycolysis/gluconeogenesis pathway of ATII cells in Tibetan pigs under normoxia and hypoxia, a net charge of −6, and preferentially converts pyruvate to lactate, and occupies plasma membrane and mitochondrial with LDHB isoforms (68). Previous research reveals that CD36 and intracellular lipid expression and content were augmented in hypoxic hepatocytes. The membrane-bound sterol regulatory element-binding protein (SREBP) transcription factors could respond to lipid availability and regulate lipid uptake and synthesis as central regulators of lipid homeostasis (69). Fatty acids were identified as a physiological modulator of HIF and have similar functions to oxygen, defining a mechanism for lipoprotein regulation (70). Several alternatively spliced DEGs, such as ACADL, EHHADH, and CPT1A, undergo one or two AS types of ATII cells, and different types and frequencies of AS event may be a constant supply of lipids were obtained either from the circulation or de novo synthesis for ATII cells growth better under hypoxia condition (71, 72).

In contrast to the results obtained from the comparison of ATII cells of Landrace pigs under normoxic and hypoxic conditions, the pathways related to the alternatively spliced DEGs identified from the comparison between LN and LL (excluding alternatively spliced DEGs shared between normoxia and hypoxia groups) were associated with cell cycle, metabolic pathways, RNA transport, and apoptosis. Available evidence suggests hypoxia compensates for cell cycle arrest with decreased S-phase entry in mature ECs and progenitor differentiation during angiogenesis (73). The p53 is a cell cycle regulator and apoptosis in the white shrimp in response to hypoxia (74), and the miR-493-STMN-1 pathway could promote hypoxia-induced epithelial cell cycle arrest in G2/M phase (75). CDK2 (cyclin-dependent kinase 2) undergo AS event between LN and LL groups, which could be activated by either CCNE (cyclin E) or CCNA (cyclin A) at the G1/S phase transition or S phase, and mediates degradation of HIF-1α at the G1/S change (76). MCM7 and MCM3 undergo AS events between LN and LL (excluding alternatively spliced DEGs shared between normoxia and hypoxia groups) groups, bind to the amino-terminal PER-SIM-ARNT (PAS) domain, and the carboxyl terminus of HIF-1α to maintain their stability (77).




Conclusion

In this study, we disclosed features of AS events in ATII cells through RNA-seq data. The results indicated that different types of AS and regulatory networks might partially contribute to the significant variance in ATII cells of Tibetan pigs and Landrace pigs under different oxygen concentrations. ACADL, EHHADH, and CPT1A may be a constant supply of lipids were obtained either from the circulation or de novo synthesis for ATII cells of Tibetan pigs growth better under hypoxia conditions. Therefore, this study provided a better understanding of the effects of different AS of candidate functional genes on ATII cells' response to hypoxia.
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Cattle have been essential for the development of human civilization since their first domestication few thousand years ago. Since then, they have spread across vast geographic areas following human activities. Throughout generations, the cattle genome has been shaped with detectable signals induced by various evolutionary processes, such as natural and human selection processes and demographic events. Identifying such signals, called selection signatures, is one of the primary goals of population genetics. Previous studies used various selection signature methods and normalized the outputs score using specific windows, in kbp or based on the number of SNPs, to identify the candidate regions. The recent method of iSAFE claimed for high accuracy in pinpointing the candidate SNPs. In this study, we analyzed whole-genome resequencing (WGS) data of ten individuals from Austrian Fleckvieh (Bos taurus) and fifty individuals from 14 Chinese indigenous breeds (Bos taurus, Bos taurus indicus, and admixed). Individual WGS reads were aligned to the cattle reference genome of ARS. UCD1.2 and subsequently undergone single nucleotide variants (SNVs) calling pipeline using GATK. Using these SNVs, we examined the population structure using principal component and admixture analysis. Then we refined selection signature candidates using the iSAFE program and compared it with the classical iHS approach. Additionally, we run Fst population differentiation from these two cattle groups. We found gradual changes of taurine in north China to admixed and indicine to the south. Based on the population structure and the number of individuals, we grouped samples to Fleckvieh, three Chinese taurines (Kazakh, Mongolian, Yanbian), admixed individuals (CHBI_Med), indicine individuals (CHBI_Low), and a combination of admixed and indicine (CHBI) for performing iSAFE and iHS tests. There were more significant SNVs identified using iSAFE than the iHS for the candidate of positive selection and more detectable signals in taurine than in indicine individuals. However, combining admixed and indicine individuals decreased the iSAFE signals. From both within-population tests, significant SNVs are linked to the olfactory receptors, production, reproduction, and temperament traits in taurine cattle, while heat and parasites tolerance in the admixed individuals. Fst test suggests similar patterns of population differentiation between Fleckvieh and three Chinese taurine breeds against CHBI. Nevertheless, there are genes shared only among the Chinese taurine, such as PAX5, affecting coat color, which might drive the differences between these yellowish coated breeds, and those in the greater Far East region.
Keywords: cattle, whole-genome sequence (WGS), selection signature, Bos taurus, bos indicus, iSAFE, IHS, fst
INTRODUCTION
Cattle are vital livestock for humans providing meat and milk for consumption, leather for protection, and power for plowing and transportation (FAO, 2015; Xu et al., 2015). Using available genetic evidence, there were two primary independent events postulated for the initial domestication of cattle, i.e., between 10,000 and 8,000 years ago for Bos taurus (B. taurus) in the Fertile Crescent and 8,000–6,000 years ago for Bos taurus indicus (B. indicus) in the Indus valley (Loftus et al., 1994). Since then, following human migration and trade, cattle have spread across the globe and undergone further evolutionary events for adaptation to local environments due to natural or selective breeding shaping each breed’s morphology, physiology, and behavior from its initial attributes (FAO, 2015; Xu et al., 2015; Wu et al., 2018). Currently, there are more than a thousand distinctive cattle breeds recognized worldwide (FAO, 2015).
The study of footprints in genes or genomics regions of livestock species due to the continuous evolutionary process is one of the main interests of population genetics (de Simoni Gouveia et al., 2014; Randhawa et al., 2016). With the development of genomics, these signals can be identified using single nucleotide polymorphisms (SNPs) arrays and whole-genome resequencing (WGS) data (Flori et al., 2009; Utsunomiya et al., 2013; Qanbari et al., 2014; Randhawa et al., 2014). These signals are inferred as they deviate from the neutral expectations in the patterns of genomic variations despite possible recombination events (Utsunomiya et al., 2013; de Simoni Gouveia et al., 2014). There are various proposed methods to detect these signals. Based on its approaches, they can be grouped into methods using local genetic diversity depression within a population, changes in allele frequency spectrum within and cross-populations, population allele differentiation across-populations, and haplotype homozygosity within and cross-populations (Utsunomiya et al., 2013; Randhawa et al., 2016).
Estimated for the first importation of B. taurus from West Asia around 3,900 years ago, there are ∼90 million cattle of various breeds in China, of which fifty-three of it are indigenous (Chen et al., 2018; National Bureau of Statistics, 2018). A previous study reported gradual transitions in cattle breed composition found across the country. B. taurus is predominantly found in the northern part, gradually admixed of B. taurus and B. indicus population in the central part, and pure B. indicus breeds to the southern part of the country (Chen et al., 2018). Another study (Zhang et al., 2020) using copy number variations (CNVs) supported that most Chinese breeds were hybrids of B. taurus and B. indicus.
Fleckvieh is a prominent dual-purpose breed in Austria with a population of around 1.5 million heads, corresponding to 76% of the total cattle population in the country (Kalcher et al., 2018). Also internationally known as Simmental, Fleckvieh genome was reported as one of the most studied B. taurus cattle after Frisian-Holstein (Randhawa et al., 2016). A previous study (Qanbari et al., 2014) utilized sequencing data of German Fleckvieh for selection signatures analysis. They employed ∼15 million autosomal SNPs inferred from the sequence data and found 106 candidates of selection regions linked to genes with the functionality of neuro-behavioral, sensory perception, and coat coloring patterns.
Most of the previous studies were limited in pinpointing exact locations of selection signatures, as they proposed large chunks of genomic regions in the size of a few kilobases to megabases as the candidates, containing many genes and thousands of polymorphisms (Randhawa et al., 2014; Xu et al., 2015; Bhati et al., 2020). They considered the region within linkage disequilibrium proximate as the candidate regions and reducing spurious effects of many SNPs signals as the reasons for using large scanning windows.
Recently developed methods of integrated Selection of Allele Favoured by Evolution - iSAFE are suggested to pinpoint the best candidate SNPs in selection signature regions (Akbari et al., 2018). iSAFE is designed to exploit signals from ongoing selective sweeps as it scores are based on the rank-order of the mutation in SNP candidates. Using phased genotype, this tool assigns intermediate score for each mutation based on the number of times it appears in different haplotypes weighted by total of all mutations found in the haplotype and its frequency. Then, overlapped scanning window is applied on these intermediate-scores of all mutations to find the best candidate SNP driving the selection, see Methods for details. iSAFE outperformed other tools, such as integrated Haplotype Score—iHS (Voight et al., 2006), in detecting favorable SNPs within large loci of 5 Mb without knowledge of demography, phenotype under selection, or functional annotations (Akbari et al., 2018). Thus, in this study, we aim to examine the candidate SNPs that drive the selection identified by iSAFE in genome-wide level, with no prior knowledge of candidate regions in selection, compared to the classical approach of integrated Haplotype Score—iHS (Voight et al., 2006; Szpiech and Hernandez, 2014) using sequence data of several Chinese breeds and Austrian Fleckvieh.
MATERIALS AND METHODS
Ethics statement
For this study, DNA was previously extracted from commercial AI bull semen straws. Thus, no ethical statement was further required.
Alignment, variant calling, and phasing genotypes
In this study, we utilized whole genome re-sequencing of sixty individuals from fourteen Chinese and one Austrian cattle breeds, namely: Dabieshan (n = 2), Dehong (n = 2), Dengchuan (n = 2), Fujian (n = 2), Guanling (n = 2), Kazakh (n = 6), Liping (n = 2), Luxi (n = 2), Mongolian (n = 12), Nanyang (n = 2), Qinchuan (n = 2), Wenling (n = 2), Tibetan (n = 2), Yanbian (n = 10), and Fleckvieh (n = 10). In the analysis, we applied the alignment to SNV calling pipeline in China Agricultural University computational cluster for all Chinese breeds and Vienna Scientific Cluster for Austrian Fleckvieh.
BWA-mem v.0.7.17 (Li and Durbin, 2010) aligned paired-end reads of FASTQ against cattle reference genome ARS_UCD1.2 (Rosen et al., 2020), resulting in a sequence alignment map (SAM) file. Subsequently, samtools v.1.10 (Li et al., 2009) sorted SAM file by chromosomes and converted to binary alignment map (BAM). Picard (https://broadinstitute.github.io/picard/) functions of MarkDuplicates flagged duplicate reads in BAM files and function of AddOrReplaceReadGroups modified read groups information accordingly. For subsequent steps, GATK v.4.1 (McKenna et al., 2010) was used. GATK functions of BaseRecalibrator and ApplyBQSR detected and corrected base quality scores of mapped reads nearby known variants. GATK HaplotypeCaller with–ERC GVCF option called individual genotype for each BAM file.
Individual GVCFs files were combined using the GenomicsDB function of GATK, allowing combinations of GVCFs called using different versions of GATK. The joint cohort of GenotypeGVCFs called the final VCF file using parameter–allow-old-rms-mapping-quality-annotation-data since individual GVCFs were called using a different version of GATK in two different computational clusters. Subsequently, we retained single nucleotide variants using GATK SplitVcfs function and filter variants with the following parameters “QD < 2.0, QUAL <30, SOR >3, FS > 60, MQ < 40, MQRankSum <12.5, ReadPosRankSUm < -8.0” following general GATK’s recommendation.
We added ancestral alleles (Naji et al., 2021a) in the info column of the vcf file separately for each autosome using–fill-aa script of VCFTools v.0.1.15 (Danecek et al., 2011). Subsequently, Bcftools v.1.7 (Li et al., 2009) retained the biallelic SNPs in the VCF. Then, genotypes in the VCF file were phased using Beagle v.5.1 (Browning et al., 2018) and indexed using tabix v.1.7-2 (Li et al., 2009) resulting final phased data for the analysis.
Principal component and admixture analysis
Before phasing steps, the multi-sample VCF file containing all autosomes was converted to binary plink format using VCFtools (Danecek et al., 2011). Plink1.9 (Chang et al., 2015) merged the dataset with additional individuals of Angus, Brahman, Gir, Holstein, Indian Zebu, Jersey, Kenana, Mangshi, Nelore, and Simmental breeds from the publicly available SRA NCBI database used in the previous study (Naji et al., 2021b). We filtered out variants with missing call rates exceeding 0.2. We used the–pca function with five eigenvectors for PCA on ∼4.5 million variants that were shared by all individuals. Admixture v.1.3 (Alexander et al., 2009) assessed population structures using the same input file as the PCA with K numbers of three to five. Outputs of PCA and admixture analysis were plotted using R (R Core Team, 2020).
Scanning for SNVs driving positive selection
The iSAFE test ranks all SNVs within linkage-disequilibrium (LD) regions with selective sweep signals based on their contribution to the selection signal. The program (Akbari et al., 2018) scans for signals up to 5 Mb using statistics derived solely from haplotypes and ancestral allele information. Under the hood, iSAFE used two steps; first, it searched for the best candidate mutations using selection of allele favored by evolution (SAFE) and then combined those signals for the final iSAFE score for the maximum region spanning 5 Mb.
In the first step, haplotype allele frequency (HAF) is used to distinguish haplotypes based on the sum of derived allele counts. Haplotypes are considered ‘distinct’ once they have different HAF scores and ‘carries a mutation e' if they have derived allele at site e with f mutation frequency. When a particular haplotype is a putative carrier of a favored allele, its HAF score increases due to carrying more derived alleles.
[image: image]
[image: image] denotes a fraction of distinct haplotypes carrying mutation e, while [image: image] denotes the normalized sum of HAF scores carrying the mutation e.
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Based on these calculations, SAFE-score is defined as
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Theoretically, selective sweeps will reduce the [image: image] score as the number of distinct haplotypes carrying favored mutations is reduced. Increasing HAF scores in carrier haplotypes will reduce the ratio of total HAF-score contributed by non-carrier haplotypes, consequently higher [image: image] value. Thus, the mutation with the highest SAFE score is expected as a candidate of favored mutation.
As the k score reduces its power to pinpoint favored mutation due to most haplotypes becoming unique in larger windows, thus it applies a set of half-overlapped windows [image: image] with a fixed size of 300 SNPs on the second step. [image: image] denotes a list of selected mutations e in each window with the highest SAFE score. For mutation e in window [image: image], [image: image] denotes the larger SAFE score of e and 0 when [image: image] is inserted into window [image: image]. [image: image] will be relatively high when [image: image] is a favored mutation and the genealogies of w and [image: image] are very similar. [image: image] denotes the weight of each window [image: image] which would have a high value corresponding to favored mutations contained. The iSAFE score for mutation e is calculated by the higher SAFE score of e and weight of all scanning windows.
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We used the built-in program to pinpoint favored mutations for a non-overlapped window of 4 Mb in autosomes for each pool of individuals. Then, we concatenated iSAFE scores for all SNPs of all autosomes and applied the normal distribution’s right-tail probability density function (PDF) to infer the p-values as provided in R (R Core Team, 2020).
The iHS test was first proposed in 2006 and used for many studies to identify positive selections in livestock populations (Qanbari et al., 2014; Randhawa et al., 2016; Vatsiou et al., 2016). We used selscan (Szpiech and Hernandez, 2014) to perform the iHS test using phased data for each chromosome of individual pools. In the notation below, for each queried SNV [image: image], integrated haplotype homozygosity (iHH) of ancestral (0) and derived 1) haplotypes (C: = {0,1}) was calculated from the extended haplotype homozygosity (EHH) (Sabeti et al., 2002) from both upstream (U) and downstream (D) set of markers of each query site [image: image]. [image: image] represents the genetic distance between two markers created with an arbitrary value of one centiMorgan per megabase.
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The unstandardized iHS score was calculated as [image: image] where a positive value indicates unusual long haplotypes carrying derived alleles compared to the neutral model indicating recent positive selection. We applied the normal distribution’s right-tail probability density function (PDF) to infer the p-values as provided in R (R Core Team, 2020).
We used–weir-fst-pop in vcftools (Danecek et al., 2011) based on Fst estimation (Weir and Cockerham, 1984) to analyze selection signature between the population of each taurine breeds (Fleckvieh, Kazakh, Mongolian, and Yanbian) against a combination of all indicine and admixed Chinese individuals. Fst values were averaged with 10 Kb non-overlapping windows. The probability density function of normal distribution inferred the p-values considering the right tail only. Genome-wide significance -log10(p) of 7.301 was set as the threshold. For all the analysis, manhattan plots were built using the qqman R-package (Turner, 2018).
Functional annotation and gene expression
SnpEff (Cingolani et al., 2012) annotated SNVs and windows positions above the threshold using Ensembl version of ARS_UCD1.2 annotation file. For functions of individual genes, we referred to the one listed in https://www.genecards.org/and https://www.ncbi.nlm.nih.gov/gene/. We further considered only genes indicated by SNVs within coding regions. We used pantherdb.org to classify the functionality of associate genes listed by different statistical methods to its gene ontology (GO) terms. We annotated significant genes indicated by the tests for their expression level using cattle gene atlas (Fang et al., 2020). We retained the information of maximum expression level in fragments per kilo base per million mapped reads (FPKM) and its corresponding tissue where the maximum FPKM is found for each indicated gene. In this repository, the mean and standard deviation for FPKM across 91 tissues and 447 individuals are 26.79 and 730.56, respectively.
RESULTS
Whole-genome sequence data of 60 individuals from 14 breeds of Chinese cattle and Austrian Fleckvieh were aligned against the ARS_UCD1.2 reference genome. On average, there were ∼316 million paired reads per individual FASTQ, with length varies from 90 to 148 bases per read. In total, ∼60 million SNVs passed the set of hard filtration for all autosomes with an average depth of ∼9 × Table 1 indicated alignments summary for each breed with details provided in Supplementary Table S1. Figure 1 depicted the origin of Chinese cattle and Austrian Fleckvieh on the world map.
TABLE 1 | Alignment summary of the dataset.
[image: Table 1][image: Figure 1]FIGURE 1 | Map of origin for cattle used in this study; (A) Austrian Fleckvieh origin on European map with an inset of China and Austria in the world map; (B) Position of Chinese cattle breeds on the maps.
Principal component and admixture analysis
We inferred the population structure using PCA from ∼4.5 million SNVs shared by all individuals in the dataset. The PCA explains 47.37, 10.20, 6.68, 6.52, and 5.89 percent of variance for components one to five, respectively. Figure 2 depicted the clustering of all individuals based on the first and second components. We observed a clear separation between the taurine and indicine cattle by the first component regardless of its origin. The three Chinese breeds, Kazakh, Mongolian, and Yanbian, were clustered together with Austrian Fleckvieh and other renowned B. taurus breeds, such as Angus, Holstein, and Jersey. Nanyang, Luxi, Qinchuan, and Tibetan were admixed as they were between clusters of B. taurus and B. indicus. While Dabieshan, Dehong, Dengchuan, Fujian, Guanling, Liping, and Wenling were clustered together with other B. indicus breeds such as Brahman, Nelore, and Gir.
[image: Figure 2]FIGURE 2 | Principal component analysis; component 1 explains 47.37 percent of variants and component 2 for 10.20 percent.
Admixture analysis for those breeds using K from two to five supported the results of PCA, see Figure 3. Thus, based on these results and considering the number of individuals in each breed, we pooled individuals into separate groups for further selection signature analysis, i.e. Fleckvieh, Kazakh, Mongolian, Yanbian, CHBI_Low (seven Chinese B. indicus breeds), CHBI_Med (four Chinese admixed breeds), and CHBI(combination of CHBI_Low and CHBI_Med).
[image: Figure 3]FIGURE 3 | Admixture analysis using (A) K = 22; (B) K = 3; (C) K = 4; and (D) K = 5.
The PCA and admixture results matched the geographical origin of individuals as in Figure 1. Kazakh, Mongolian, and Yanbian were sampled from the northern part of Chinese. CHBI_Med individuals were from the middle latitude of the country. While the CHBI_Low individuals were originated from the southern part of the country. Coincidentally, Austrian Fleckvieh originated from a region with latitude around 48°, while three Chinese taurine breeds were also coming from a similar temperate climate of 42° latitudes.
Comparison of methods in scanning for positive selection
We identified candidate SNVs for positive selection using two within-population tests of iSAFE and iHS. Additionally, we performed one cross-population test of Fst between taurine breeds against CHBI individuals. Phased vcf files were separated for each pool of individuals and underwent both tests, respectively. Table 2 indicated the descriptive statistics of significant SNVs of respective tests and individual pools. Figure 4 and Figure 5 depicted the manhattan plots of B. taurus and other CHBI groups, respectively.
TABLE 2 | Summary of output scores of SNVs and windows from iHS, iSAFE, and Fst tests.
[image: Table 2][image: Figure 4]FIGURE 4 | Manhattan plot for iSAFE and iHS tests for (A) Fleckvieh; (B) Kazakh; (C) Mongolian; and (D) Yanbian.
[image: Figure 5]FIGURE 5 | Manhattan plot for iSAFE and iHS tests for (A) CHBI; (B) CHBI_Med; and (C) CHBI_Low.
Using iSAFE, we found several peaks of SNVs for B. taurus breeds. For all B. taurus, the strongest signals come from chromosome nine around 104.4 Mb. CHBI_Med and CHBI_Low had independently signals on chromosome 20 and 1, respectively. We did not find significant SNVs for CHBI. Around 71 percent of SNVs indicated as significant in the iSAFE test were annotated to intergenic regions, as stated in Table 2. A list of significant genes indicated by iSAFE, iHS, and Fst is provided in Supplementary Tables S2-S4.
In Fleckvieh, Kazakh, Mongolian, and Yanbian, two genes of ENSBTAG00000045624 and ENSBTAG00000047934, known also as OR10D1M, were genes indicated by the most significant iSAFE score. The later gene belongs to the olfactory receptor family, which interacts with odorant molecules in the nose, initiating the neuronal response that starts a sense of smell. This gene was neither found in significant regions of CHBI_Low nor CHBI_Med. ENSBTAG00000053225 (OR8B60) and ENSBTAG00000050546 (OR8AR1) were olfactory receptor genes indicated in Fleckvieh, Kazakh, and Yanbian. All these top indicated genes are located at chr 9, around 104.3 Mb. Within 100 Kb vicinity of these olfactory genes, we found FAM120B, DLL1, PSMB1, and PDCD2. FAM120B has several associations of twinning rate in mammals, fat deposition in chicken and inflects pig sperm maturation during spermatogenesis due to its function in adipogenesis regulation of PPARG (Vinet et al., 2012; Moreira et al., 2015; Gòdia et al., 2020). In human, DLL1 plays role in Notch signaling pathway regulating cell differentiation and proliferation in embryonic development and maintenance of adult stem cells (Jaleco et al., 2001). In cattle, activation of Notch pathway by miRNA targeting DLL1 leads to restrain adipose differentiation which might lead to different subcutaneous adipose tissue between Wagyu and Holstein (Guo et al., 2017). While in embryo development, in vitro expression of PSMB1 is significantly reduced after bovine oocyte maturation (Adona et al., 2011). Similarly, PDCD2 plays also role in embryo development as indicated of its activation during bovine 16-cell stage (Graf et al., 2014).
Overlapped genes found in Fleckvieh and Yanbian were ACP1, ALKAL2, ENSBTAG00000045328, ENSBTAG00000045624, ENSBTAG00000047934, ENSBTAG00000050546, ENSBTAG00000051204, ENSBTAG00000053225, POLN, SH3YL1 and U6. ALKAL2 is associated with reproduction function and upregulated in granulosa cell of bacteria-infected uterus in Holstein heifers (Horlock et al., 2020) while POLN was reported to influence mature body size in US sheep population (Posbergh and Huson, 2021). For CHBI_Med, CDH12 is associated with longevity and desaturation of milk fatty acids as reported in few dairy cattle (Mészáros et al., 2014; Cecchinato et al., 2019). For CHBI_Low, CYP2U1 is linked to milk fat secretion in Sahiwal cattle in India (Illa et al., 2021).
Using iHS, we did not find significant SNVs for Kazakh. In contrary, Yanbian had 91 significant SNVs. These SNVs were observed as a peak in chromosome 23. Significant SNV at chr23:26, 067, 413 was detected both in Yanbian and Fleckvieh. For Mongolian, we observed several peaks on chromosomes five and 7. A total of 30, 59, and five SNVs were above the threshold for CHBI, CHBI_Med, and CHBI_Low, respectively, with no overlaps among them. For all groups, the mean iHS score was generally in a negative value except for the CHBI_Low. 58 percent of significant SNVs in iHS were annotated to intergenic regions, as indicated in Table 2.
For Fleckvieh, SNVs with significant iHS at chromosome 20 around 3.8 Mb overlapped to STK10 gene, which is significantly associated with slaughter weight and carcass quality in several beef cattle breeds (Karisa et al., 2013; Hay and Roberts, 2018). For Mongolian, SNVs with significant iHS scores were overlapped with the novel gene of ENSBTAG00000050324, PTPRM, GRID1, CACNA1C, SORCS3, NRG3, and TXNDC2. PTPRM has extended function in regulating cellular growth, differentiation, mitotic cycle, and is associated with scrotal circumference in Nellore and Brahman cattle (Melo et al., 2019). GRID1 is known for its function in the central nervous system and is down-regulated in fetuses carrying deletion variants in PEG3 domain leading to stillbirth (Flisikowski et al., 2012). CACNA1C is linked to immune defense and was hyper-methylated in Angus during stress of high-temperature high-humidity period (Del Corvo et al., 2021). SORCS3 was highly associated with temperament trait and average daily gain (Xu et al., 2019; Shen et al., 2022). NRG3 is associated with fat yield component in sheep production (García-Gámez et al., 2012). While TXNDC2 is linked to average daily gain and age at puberty in Korean cattle (Edea et al., 2020).
For Yanbian, the top genes indicated by significant iHS score were ENSBTAG00000026163, ENSBTAG00000007075, C2H2orf88, TBCA, HIBCH, TMEM71, SMYD3, ARFIP1, and HDAC4, which all these genes play a role in cellular proliferation and transcription factors. TBCA is associated with sire conception rate in the US Jersey cattle (Rezende et al., 2018). HIBCH is one of candidate genes in association study of calving performance in Charolais population (Purfield et al., 2015). While ARFIP1 is associated with milk production traits in Holstein (Lee et al., 2016).
For CHBI, significant SNVs were in novel genes of ENSBTAG00000026163, ENSBTAG00000053922, PBLD, and AFDN, which encodes a multi-domain protein involved in signaling and organization of cell junctions during embryogenesis. For CHBI_Med, ENSBTAG00000020723, PDE10A, AKAP13, KLHL25, ENSBTAG00000054043, FAM234A, PODXL, RUVBL1, and ABHD1 were indicated. AKAP13 and KLHL25 were also reported as selection candidates in North African cattle (Ben-Jemaa et al., 2020). RUVBL1 is associated with tolerance of African cattle towards heat and parasites stress (Taye et al., 2017a; Yougbaré et al., 2021). While in CHBI_Low, ENSBTAG00000026163 is a gene indicated by significant SNV.
Using Fst test, we found a similar pattern among the B. taurus cattle as shown in Figure 6. There were 224 similar significant windows in Fleckvieh Kazakh, 181 in Fleckvieh-Mongolian, 208 in Fleckvieh-Yanbian, 185 in Kazakh-Mongolian, 217 in Kazakh-Yanbian and 222 in Mongolian-Yanbian. Among these, 132 windows were significant in all of Fleckvieh, Kazakh, Mongolian, and Yanbian. Out of 132, 73 windows were annotated to intergenic regions and the rest to 60 genes. Within these genes, LCT was reported as selection candidates in several Italian cattle and its mutations in humans, irrespective of location and mutation type, are linked to congenital lactase deficiency (Torniainen et al., 2009; Sorbolini et al., 2016). DHRS3 is known for its importance in retinoic acid metabolism and is essential in regulating body axis formation during embryonic development (Kam et al., 2013). PRKCZ, where young calves are exposed to hypoxia, leads to anti-replication activity of cells related to this gene in pulmonary artery adventitia (Das et al., 2008).
[image: Figure 6]FIGURE 6 | Manhattan plot for Fst test for (A) Fleckvieh; (B) Kazakh; (C) Mongolian; and (D) Yanbian against CHBI.
Several genes indicated by Fst were found exclusively in three Chinese taurine breeds and not in Fleckvieh. These genes might be related to the adaptation process to the local habitat. For example, ANXA10 was detected as a selection candidate in Kholmogory cattle and deletion-type CNV of 34 kb identified in this gene was linked to embryonic mortality in Japanese Black cattle (Sasaki et al., 2016; Yurchenko et al., 2018). C14H8orf34 is associated with claims on epinephrine hormone excretion in the urinary due to many pathways of metabolism acceleration under stress situations (de Camargo et al., 2015). CACNA2D3 plays role in active calcium ion transport and was highly expressed in Longissimus Lumborom than Psoas Major muscles after postmortem in Chinese Jinjiang cattle (Yu et al., 2019). PAX5 is associated with the proportion of black color in Holstein (Hayes et al., 2010). PLAG1 is a known gene with pleiotropic effects on body weight and fertility traits (Fortes et al., 2013; de Camargo et al., 2015; Yurchenko et al., 2018). TAC3 was associated with reproduction process as highly expressed in non-pregnant heifers compared to heifers that later became pregnant (Dickinson et al., 2018).
Go classification and expression level
GO classification for genes indicated by iHS, iSAFE, and Fst tests is provided in Supplementary Table S5. Cellular process (GO:0009987) was the top GO term indicated by significant genes irrespective of the test and individuals pool. Metabolic process (GO:0008152) was the second top GO term for iSAFE test in Fleckvieh and Mongolian, while for Kazakh and Yanbian, the second top was biological regulation (GO:0065007). There were 10, 5, 2, and 13 genes for developmental process (GO:0032502) indicated by iSAFE test for Fleckvieh, Kazakh, Mongolian, and Yanbian, respectively. In general, Yanbian had more coverage to broader GO terms like reproduction (GO:0000003), reproductive process (GO:0022414), multi-organism process (GO:0051704), growth (GO:0040007) perhaps due to the higher number of genes detected by iSAFE compared to Fleckvieh, Kazakh, and Mongolian.
We annotated significant genes indicated by iHS and iSAFE toward their maximum expression level (FPKM) and the corresponding tissue as listed in the repository of cattle gene atlas (Fang et al., 2020). Rectangular bar in Figure 7 depicted the average FPKM of significant genes for the corresponding test and individual pool. In general, the mean FPKM values by both tests were higher than the mean of FPKM records of the full repository (26.79). iSAFE indicated higher mean of FPKM than the iHS except for CHBI_Med and CHBI where no SNVs were significant in iSAFE tests. Supplementary Figures S1, S2 depicted cloud plots for the associated tissues with the FPKM for iSAFE and iHS tests. Genes indicated by iHS were mostly highly expressed in the ileum tissue as indicated in Fleckvieh, Yanbian, CHBI, and CHBI_Low. For iSAFE, the significant genes for all individual pools were all highly expressed in the sperm, see Supplementary Figure S1.
[image: Figure 7]FIGURE 7 | Mean of the highest FPKM for all significant genes indicated by iHS and iSAFE tests in each respective individual pool.
For Fleckvieh, TFF1 was the gene listed by iSAFE with the highest FPKM (10,413) in abomasum tissue. TFF1 was reported to be associated with mammary development and secretion of minerals to the bovine milk (Stella et al., 2010; Gao et al., 2017). Ten modifiers and one low impact were estimated for the SNVs indicated within TFF1 in Fleckvieh. For Kazakh, the highest expressed gene was ALDH1A2 with 250 FPKM from stalk median eminence tissue and is associated with carcass weight in beef cattle (Willing et al., 2012). Functional modifiers’ impact were annotated for all 13 SNVs in ALDH1A2. For Mongolian cattle, ALDOA was the highest expressed gene with 12,960 FPKM in chorid plexus tissue in the brain. ALDOA is primarily related to glycolytic and energy metabolism (Wærp et al., 2019). TNNT2 identified in Yanbian was highly expressed in heart tissue with 5006 FPKM. Seven SNVs with modifier impact were associated with this gene, which is related to the striated muscle contraction due to intracellular calcium ion concentration and found in a previous study as selection candidates in Holstein cattle (Taye et al., 2017b).
DISCUSSION
This study indicated a gradual shifting of taurine cattle in northern China to admixed and pure indicine cattle towards the southern part of China, similar to the report from the previous studies (Chen et al., 2018; Zhang et al., 2020). Zhang et Al (2020) indicated that Mongolian and Kazakh, two Chinese taurine in our study, were well adapted to cold winters. They suggested that the admixture and introgression of taurine and indicine from north to south can be affiliated to loci in the genome, which might help individuals adapt to the local environment (Wu et al., 2018). A previous study (Gao et al., 2017) suggested that Chinese taurine cattle in the north shared the same genetic ancestry to several Central Asia, Russian-Yakutstk, Korean and Japanese cattle (Turano-Mongolian) in the greater region due to past activities of nomads and the Mongolian empire.
Previous studies used various selection signature methods and normalized the outputs score using specific windows, in basepairs or based on the number of SNPs, to identify the candidate regions (Qanbari et al., 2014; Xu et al., 2015; Yurchenko et al., 2018; Bhati et al., 2020). We applied a similar approach for the Fst test using non-overlapping 10 Kb windows. However, for within-population tests of iHS and iSAFE, we did an experimental analysis to point out the causal SNV mutations in coding regions that significantly drive selective sweeps in genome-wide level. We found that iHS indicated fewer signals passing the genome-wide significant threshold than iSAFE in any breed. This is in line with simulations in the original paper where iSAFE could detect almost double the signals for favoured mutations than iHS (Akbari et al., 2018). Both methods were associated with declining performance in detecting mutations in regions that are closed to fixation, yet we found no overlapped genes indicated by these two tests.
Generally, our study suggested higher selection signals for taurine than indicine cattle in both iSAFE and iHS tests. For example, in the iHS test, Yanbian had 91 significant SNVs while CHBI_Med had only 59. Similarly, in the iSAFE test, Yanbian had around five thousand significant SNVs while CHBI_Med had a far less, around 469 SNVs. Our finding is similar to previous study where indicine cattle of Gyr and Nelore had substantially fewer regions proposed as selection evidence compared to taurine cattle of Brown Swiss and Angus (Utsunomiya et al., 2013). Moreover, pools of indicine cattle in our study were a combination of several breeds due to limited number of individuals to a suggested minimum of six individuals for better population genetic analysis (Willing et al., 2012). Thus as the results, we observed decayed of the iSAFE signal in CHBI as the combination of CHBI_Low and CHBI_Med, compared to the scenario when both groups were tested independently. We assumed that the signals for each indicine breed would be more significant and apparent if the sample size were equal to the taurine breed. However, due to the circumstances, we could not do it for the current study.
As indicated in the results section, more than half of the signals fall under intergenic regions. We did not consider SNVs found in those regions and retained only SNPs in the coding regions. Within these SNVs, several were without official gene ID names. For example, 15 SNVs creating a peak in iHS test chromosome 23 of Yanbian were in an active transcription of ENSBTAG00000007075 gene. According to https://bgee.org/?page=gene&gene_id=ENSBTAG00000007075, this gene was described as a major histocompatibility complex, class I, A-like precursor and has paralogs to BOLA-A and JSP.1 genes. And has an association with feeding efficiency in Norwegian Red heifers where it is upregulated during diet changes from low-protein-high-energy to low-protein-low-energy feed (Wærp et al., 2019). Yet, for GO classification, we considered only genes with official ID names overlooking functions of genes with prefix ENBST names.
KIT was indicated as one of selection candidate genes affecting coat colors (Flori et al., 2009; Stella et al., 2010; Xu et al., 2015). In chromosome six around 70 Mb, where KIT is located, there were 236 SNPs in the phased genotypes. Yet, we did not find any significant SNVs passing the genome-wide threshold, though the maximum iSAFE scores ranges from 0.04 to 0.20 among the B. taurus, see Supplementary Figure S3. Apparently, the threshold for iSAFE on genome-wide level has biased the findings to SNVs within highly-scores segments. Meanwhile each genome segment may have different significance level for assigning SNV as the best candidate of selection. This was demonstrated in the original manuscript where a SNV with score of 0.10 was the best candidate in HBB while score of 0.61 was the best candidate for EDAR (Akbari et al., 2018). However, genes indicated by genome-wide threshold of iSAFE might act as the driver of selection within the LD segments as they had the highest scores. Though the functionality of these genes were quite spurious, generally they had higher expression in tissues, particularly in sperm, compared to ones indicated by iHS.
In the Fst test, we found PAX5 as a candidate gene in three Chinese taurine breeds, not shared with Fleckvieh, which function is associated with black color patterns (Hayes et al., 2010). In general, Chinese indigenous cattle, including these three breeds, are considered as ‘yellow’ cattle, thought the they are actually in different level of brownish colors. A specific PAX5 might affect the color pattern of these breeds, separating them from other Turano-Mongolian cattle, such as the Mongolian and Korean cattle, which still retain their original dark-brown coat color pattern (Gao et al., 2017).
Our findings suggested that three Chinese taurine cattle breeds shared a considerable amount of candidate regions with Fleckvieh. Though we can confirm that there was no recorded genetic material exchange between Austria and China, it was reported that there were programs for improving the productivity of local breeds by crossing to European breeds in the last decades (Gao et al., 2017). As those European breeds might have similar characteristics as Fleckvieh, thus we cannot attribute similarity between Austrian Fleckvieh and Chinese taurine solely due to independent co-selection of nature, but also possibly due to recent crossing with other European breeds.
CONCLUSION
Our study confirmed a gradient of taurine and indicine admixed cattle from north to south of China. More significant SNVs were identified using iSAFE than the iHS for the candidate of positive selection and more detectable signals in taurine than in indicine individuals. However, combining individuals of different breeds decaying the iSAFE signals. From both tests, significant SNVs are linked to the olfactory receptors, production, reproduction, and temperament traits in taurine cattle, while heat and parasites tolerance in the admixed individuals. Fst test suggests similar patterns of population differentiation between Fleckvieh and three Chinese taurine breeds against Chinese indicine breeds. However, there are genes shared only among the Chinese taurine, such as PAX5, affecting black coat color, which might underlying differences of these breeds to other Turano-Mongolian cattle.
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The growth of secondary hair follicles in cashmere goats follows a seasonal cycle. Melatonin can regulate the cycle of cashmere growth. In this study, melatonin was implanted into live cashmere goats. After skin samples were collected, transcriptome sequencing and histological section observation were performed, and weighted gene co-expression network analysis (WGCNA) was used to identify key genes and establish an interaction network. A total of 14 co-expression modules were defined by WGCNA, and combined with previous analysis results, it was found that the blue module was related to the cycle of cashmere growth after melatonin implantation. Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis showed that the first initiation of exogenous melatonin-mediated cashmere development was related mainly to the signaling pathway regulating stem cell pluripotency and to the Hippo, TGF-beta and MAPK signaling pathways. Via combined differential gene expression analyses, 6 hub genes were identified: PDGFRA, WNT5A, PPP2R1A, BMPR2, BMPR1A, and SMAD1. This study provides a foundation for further research on the mechanism by which melatonin regulates cashmere growth.
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Introduction

The Inner Mongolia cashmere goat is an economically important animal with diverse uses and is an important economic breeding stock in China. Cashmere is one of the finest and lightest fibers produced by animals; it is noted for its outstanding properties and rarity and is much more expensive than wool of the same fineness. It is used especially in the production of high-end textiles. Cashmere is produced by hair follicles, an accessory organ of the skin (1, 2). Cashmere goat hair can be divided into two types of fibers: unmedullated cashmere and well-medullated coarse hair. Hair follicles can also be divided into primary hair follicles and secondary hair follicles (3). In Inner Mongolia cashmere goats, cashmere growth exhibits a seasonal pattern and a periodic change influenced by the natural photoperiod (2). Each year, cashmere starts growing in late summer, stops growing in the middle of winter and falls off naturally in spring. These periodic changes occur through three phases of cellular activity: growth, regression, and repose (4). Secondary hair follicles grow from April to November, regress from December to January, and rest from February to March.

The growth cycle of cashmere is affected by many factors, such as sunshine duration, melatonin (MT; N-acetyl-5-methoxy-tryptamine), nutrition, genetics, endocrine status, etc. (5). MT is an endogenous hormone produced by the pineal gland. Its secretion has a distinct circadian rhythm, with inhibition during the day and active secretion at night. MT has long been recognized as an effective regulatory neuroendocrine substance associated with hair growth and the hair cycle, dependent on photoperiods, seasonal rhythms and environmental factors. Notably, MT performs unique biological functions in regulating hair growth in goats (6). Studies have shown that MT is a key mediator between the photoperiod and cashmere growth and that the level of circulating MT directly affects cashmere growth. Exogenous MT has been confirmed to have a positive effect on cashmere growth. In the non-growing period, the use of exogenous MT can stimulate the growth of cashmere but can also lead to early shedding of cashmere followed by another cashmere growth period (7). Considering the above effects of MT, we sought to determine whether the economic benefit of cashmere goats can be increased by artificially implanting MT to change the reception of light signals. Our previous study showed that continuous MT implantation promoted the entry of cashmere into hair follicles 2 months in advance of the seasonal cycle and promoted the development of secondary hair follicles. MT significantly affected the expression of WNT10B, β-catenin and other proteins in the skin tissue of Inner Mongolia cashmere goats. With the rapid development of high-throughput sequencing technology, through the analysis of differentially expressed genes (DEGs) and functional enrichment analysis, scientists have identified many regulatory factors and signaling pathways that may influence the hair follicle cycle: the WNT signaling pathway, fibroblast growth factor (FGF) family, bone morphogenetic protein (BMP) family, Sonic hedgehog (SHH) signaling pathway, transforming growth factor (TGF) family, Notch signaling pathway, etc. (8–10).

Bioinformatics methods are increasingly used for the exploration and analysis of target genes or proteins (11). Weighted gene co-expression network analysis (WGCNA) is a method used to study gene modules related to traits at the whole-transcriptome level. This mathematical method is used to transform expression data into scale-free distribution network information and then perform clustering on the target gene set and identify the gene modules of interest. In contrast to traditional gene clustering approaches, WGCNA clustering can reveal biological significance and has been widely used in gene mining, gene function prediction and other aspects. Regarding WGCNA in cashmere goats, a research group found through WGCNA that WNT10A is a key gene in the early stage of development and maturation of fetal skin hair follicles in Inner Mongolia cashmere goats (12). To date, WGCNA has been used in many studies on diseases, especially tumors (13–16), but the use of WGCNA to evaluate the effects of MT implantation in Inner Mongolia cashmere goats has not been reported. Therefore, to explore the genes and pathways through which MT promotes early growth of cashmere, we conducted this experiment.



Materials and methods


Sample collection

The research samples were collected from the Inner Mongolia White Cashmere Goat Breeding Farm in Etoke Banner, Ordos City, Inner Mongolia. 61-year-old ewes with similar body weights, with no relation to each other and in good growth condition were selected and divided into two groups. One group was implanted with MT, and the other group was used as a control. In the implanted group, MT was implanted subcutaneously behind the ears of the cashmere goats at a dose of 2 mg/kg BW every 2 months. Skin samples of 1 cm × 1 cm were collected from the scapula side of the ewes at the beginning of each month, and the skin samples were stored in an ultralow temperature refrigerator at −80°C for later use.



Preparation of frozen sections and HE staining

Spare tissue samples were removed from −80°C, thawed in equilibrium at 4°C, placed in 4% paraformaldehyde solution and fixed at 4°C overnight. The next day, the fixed tissues were washed three times with PBS for 3 min each time. After the filter paper dried, the tissues were placed in 30% sucrose solution and dehydrated overnight at 4°C until the tissues sank to the bottom. The excess water was absorbed with filter paper, the appropriate angle was adjusted according to the sectioning direction, and the tissue was placed on the precooled section substrate; then, the tissues were embedded with OTC embedding agent before cryosectioning. The microtome was prechilled, and the tissues were sectioned after being completely frozen. The sections were stained using a hematoxylin eosin (HE) staining kit (G1120, Solarbio) according to the instructions.



Total RNA extraction from skin

Total RNA was extracted from the skin of three cashmere goats using an RNAiso Plus Kit (TRIzol method). The purity and integrity of total RNA were measured using a sterile UV–VIS spectrophotometer and an Agilent 2,100 bioanalyzer, respectively, and the three RNA samples were then mixed. Total RNA was stored in a freezer at −80°C.



Construction of the sequencing library

The cDNA library for transcriptome sequencing was constructed according to the operating instructions of an Illumina TruSeqTM RNA Sample Preparation Kit. Total RNA extracted from three cashmere goats per group in each month was mixed together in equal amounts. The mRNA was purified with oligo(dT) magnetic beads and sheared into 100–400 bp mRNA fragments. Double-stranded cDNA was synthesized using the mRNA fragments as templates, an exonuclease and a polymerase. To obtain the sequencing library, the double-stranded cDNA was phosphorylated, ligated to sequencing adapters and subjected to poly(A) tailing prior to PCR amplification.



Transcriptome sequencing and splicing

The Illumina HiSeqTM 2000 sequencing platform was used for paired-end sequencing of cDNA. A 2 × 100 bp sequencing protocol was used for sequencing by Shanghai Meggie Biopharmaceutical Co., Ltd. After sequencing, referenced and unreferenced genomes were used to compare the reads, and assembly was conducted with the Trinity and Velvet methods. The filtered reads were aligned to the goat (Capra hircus) genome. The FPKM value of each gene was calculated to estimate the gene expression level.



Construction of the gene co-expression network

Before WGCNA, the selected gene set was screened and filtered to remove low-quality genes or samples with unstable effects on the results to improve the accuracy of network construction. A weighted gene co-expression network was constructed using WGCNA (V. 147) package in R software (17). The Pearson linear correlation coefficient of each pair of genes in the gene set was calculated to construct the correlation coefficient matrix (Sij = |cor(Xi, Xj)|). To remove the influence of low correlation coefficients, an appropriate threshold (β) was selected for exponential weighting of the correlation coefficient matrix and construction of the adjacency matrix. Then, the adjacency matrix was transformed into the topological overlap matrix ([image: image]). The dissimilarity matrix D (dij = 1−TOMij) was then constructed, and hierarchical clustering was carried out for this matrix. The dynamic cutting tool in WGCNA was used to prune the cluster tree, and the gene modules were preliminarily divided. Based on the similarity of the eigengenes of the original modules, these modules were combined to form the final modules.



Identification of the module and hub genes related to cashmere development

As shown in our previous publication (18), the cycle of cashmere growth could be divided into three distinct periods: a growth period (March–September), a regression period (September–December) and a resting period (December–March). March was considered to be the beginning of the cycle. In this study, among all 14 co-expression modules, the expression pattern of the blue module from 1 to 12 months was consistent with the growth cycle of cashmere. The expression pattern of the blue module gradually increased beginning in the growth period and showed a downward trend in the regression period and resting period. Moreover, after melatonin implantation, cashmere goats exhibited cashmere growth in May, which was also consistent with the blue module expression pattern. Therefore, the blue module was selected for relevant analysis in this study. The protein–protein interaction (PPI) network of the differentially expressed genes in the blue module was predicted using the Search Tool for the Retrieval of Interacting Genes/Proteins (STRING, version 11.5) (19), and a comprehensive score >0.4 was considered to indicate a statistically significant difference. The results of STRING analysis were imported into Cytoscape (20) to visualize the interaction network. The maximal clique centrality (MCC) metric was used to identify hub genes in the PPI network. MCC performed better than CytoHubba (21) in 11 other available methods (22), and the genes with the top 15 MCC scores were considered hub genes.



Enrichment analysis of key module genes

To explore the biological functions of the differentially expressed genes, Gene Ontology (GO)/Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses were performed on the differentially expressed genes between the implanted group and the control group in May. GO enrichment analysis was performed using the online tool g: Profiler (23). The GO categories included biological process (BP), cellular component (CC), and molecular function (MF). Significantly enriched GO terms were selected according to P < 0.05. The goat database was selected for KEGG pathway enrichment analysis with KOBAS 3.0 (24), and P < 0.05 was set as the screening criterion for significant enrichment.



Combined analysis of hub genes and DEGs

To identify the genes expressed in May that play a role in activating cashmere growth in advance of the seasonal cycle, we screened for the genes differentially expressed in May between the implantation group and the control group. The thresholds for differential gene expression were | log2-fold change | > 1 and P < 0.05. Then, Venny 2.1.0 was used to determine the overlap among the three sets of genes.



Quantitative real-time PCR

In this study, an Applied Biosystems QuantStudio 3 real-time fluorescence quantitative PCR system was used to reverse transcribe the extracted total RNA into cDNA according to the instructions of a PrimeScript™ RT Master Mix Kit (RR036A, TAKARA). Then, based on the cDNA sequences of the goat PDGFRA, WNT5A, BMPR2, and BMPR1A genes published by NCBI, specific primers were designed with Primer 5.0 (Table 3) and synthesized by Shanghai Bioengineering Co., Ltd. Finally, a TB Green “Premix Ex Taq” II Kit (RR820A, TAKARA) was used for qRT–PCR. Six samples were tested for each month, and three technical replicates were performed.



Statistical analysis

The 2−△△CT method was used for the analysis of all qRT–PCR data, and SPSS software (version 22.0) was used for statistical analysis. Values are expressed as the means ± standard deviations. A significance level of 0.05 was used.




Results


Histological examination of goat skin

The S:P (ratio of secondary hair follicles to primary hair follicles) was used as an indicator of the number of hair follicles in the skin of the cashmere goats. In this study, we performed histological staining of sample sections from the control group and the implanted group in May (Figure 1), and six fields of view were observed for each sebaceous gland sample collected at different depths. The number of hair follicles in each counting area was calculated, and the results showed that the hair follicles of the control group were located deeply in the epidermal layer, while the hair follicles of the implanted group were located near the epidermal layer. The ratio of secondary hair follicles to primary hair follicles in the implanted group was significantly higher than that in the control group (P < 0.01).


[image: Figure 1]
FIGURE 1
 Skin tissue section of Inner Mongolia cashmere goats collected in May. (A) Represents the longitudinal section, (B) represents the transverse section, and numbers 1 and 2 represent the implanted group and the control group, respectively.




Quality of sequencing data and splicing results

The sequencing data for the 24 samples are shown in Table 1. The Trinity and Velvet assembly methods were used for comparison. When the Velvet assembly method was used, the effect was best when the kmer (bp) value was 57; 323,630 transcripts were obtained, and 67.27% of the transcripts were successfully mapped to the genome. With the Trinity method, 511,110 transcripts were obtained, and 90.06% of the transcripts were successfully mapped to the goat genome. Comparison of the genome mapping results indicated that the Trinity method performed better.


TABLE 1 Results of high-quality raw data.
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Construction of the weighted gene co-expression network

RNA-seq was performed on 12-month transcriptome data for goat skin samples from the implantation group and the control group. Average linkage hierarchical clustering based on the computed topological overlap was then used to identify genes with very similar expression patterns in each module. A total of 14 co-expression modules were identified in the WGCNA network and represented by different colors. The resulting blue, cyan, green, green–yellow, light cyan, light green, magenta, midnight blue, pink, purple, salmon, tan, turquoise, and yellow modules contained 4,530, 84, 291, 117, 61, 41, 402, 76, 212, 119, 103, 105, 4,574, and 301 genes, respectively (a total of 11,016 genes) (Table 2). In the gene clustering results, Dynamic Tree Cut represents each group of genes, and Merged Dynamic represents the merged tree obtained by the dynamic cutting method (Figure 2A). In the topological overlap heatmaps, more topological overlap was observed within the modules than across the modules (Figure 2B). Based on correlation coefficient analysis, we clustered the modules associated with cashmere growth and development (positive or negative) (Figure 2C).


TABLE 2 Number of genes in the co-expression module.
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TABLE 3 Primer sequences specific for down-producing goat PDGFRA, WNT5A, BMPR2, BMPR1A and GAPDH and PCR product size.
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FIGURE 2
 Identification of co-expression modules by WGCNA. (A) Dendrogram of gene clustering. (B) Network heatmap of module genes. Each tree represents a module, and each branch represents a gene. The darker the color of each dot is, the stronger the connectivity between the two genes in the row and column. (C) Correlation heatmap of each module; colors indicate correlations between modules. The closer the color is red, the higher the correlation, and the closer the color is blue, the lower the correlation.




Identification of the module and hub genes related to cashmere development

As shown in Figure 3, among all 14 co-expression modules, the expression pattern of the blue module from 1 to 12 months was consistent with the growth cycle of cashmere, as previously shown by our group. Moreover, after the implantation of melatonin, cashmere goats exhibited cashmere growth in May, which was also consistent with the blue module expression pattern. Therefore, the blue module was selected for relevant analysis in this study. We constructed PPI networks for the genes in the blue module. The genes with the top 15 MCC scores in CytoHubba were identified as hub genes.


[image: Figure 3]
FIGURE 3
 Heatmap of the gene expression pattern of the blue module. The abscissa is the name of the sample. The top figure shows the heatmap of gene expression in different samples of the module, and the bottom figure shows the expression pattern of the feature value of the module in different samples.




Enrichment analysis of key module genes

We further performed GO/KEGG enrichment analyses with 316 differentially expressed genes upregulated in the blue module in May. According to GO classification statistics, 148 terms were grouped into three GO categories: cellular component, molecular function, and biological process. Among the three GO categories, the most significantly enriched were cellular protein modification process, desmosome and protein binding. Notably, the cellular components were significantly enriched in desmosomes, which are the most important intercellular adhesion junctions, directly adhering to desmosomal cadherins on adjacent keratinocytes to form the epidermal layer.

KEGG pathway analysis (Figure 4) showed that in May, the differentially expressed genes between the control group and the implanted group were mainly enriched in the signaling pathway that regulates the pluripotency of stem cells and the Hippo, TGF-beta and MAPK signaling pathways. Interestingly, we found significant enrichment of MT signaling pathways. According to the KEGG enrichment analysis results, six genes were enriched in three or more signaling pathways related to hair follicle development: PDGFRA, WNT5A, BMPR1A, BMPR2, PPP2R1A, and SMAD1 (Figure 5).


[image: Figure 4]
FIGURE 4
 Differential gene KEGG enrichment diagram. The X-axis represents the ratio of enriched differential genes to the total number of genes in the term, and the Y-axis represents the enriched function/pathway. The colors represent the degree of enrichment significance; the closer the color is red, the more significant the results are. The circle size represents the number of genes enriched.



[image: Figure 5]
FIGURE 5
 Gene enrichment map of KEGG signaling pathways. Blue circles represent signaling pathways, yellow circles represent genes enriched in pathways, and red circles represent genes enriched in more than three pathways simultaneously.




Combined analysis of hub genes and differentially expressed genes

We compared the 316 genes differentially upregulated in the control group and the implanted group in May with the important genes and hub genes in the PPI. PDGFRA was common to all three gene sets (Figure 6). This result suggests that PDGFRA is a key gene in the early growth of cashmere after implantation of MT.


[image: Figure 6]
FIGURE 6
 Venn diagram of key candidate genes.




The relative expression of core genes was determined by qRT–PCR

In this study, total RNA was extracted from skin samples of the control group and the implanted group at each of the 12 months. A NanoDrop 2000 UV spectrophotometer was used to determine whether the OD260/280 values were between 1.8 and 2.0. Four genes were randomly selected to evaluate their relative expression with respect to GAPDH as the internal reference gene to verify the accuracy of the sequencing results. The qRT–PCR results were basically consistent with the transcriptome data. The expression levels of PDGFRA, WNT5A, BMPR2, and BMPR1A in the control group showed a gradually increasing trend from May to September but first decreased and then increased in the implanted group. The PDGFRA level differed significantly (P < 0.05) between the control group and the implanted group in May (Figure 7). This finding is consistent with our analysis results: PDGFRA is a key gene in the promotion of premature cashmere production by MT implantation.


[image: Figure 7]
FIGURE 7
 Sequencing results validated by fluorescent qRT-PCR. (A–D) The relative expression of four genes. The abscissa represents month, the ordinate represents relative expression, *Represents a significant difference between groups (P < 0.05), and the error bar represents the SD.





Discussion

The main objective of this study was to screen for and identify the genes related to early hair production after MT implantation in Inner Mongolia cashmere goats and to study the role of these genes in the growth and development of skin hair follicles in Inner Mongolia cashmere goats. According to the longitudinal analysis of sections of samples from the implanted group and control group that were collected in May, the hair follicles of the control group were located deeply in the epidermal layer, while the hair follicles of the implanted group were located near the epidermal layer, indicating that the hair follicles in the melatonin-implanted group emerged sooner than those in the control group. Through the analysis of cross-sections, it was found that the ratio of secondary hair follicles to primary hair follicles in the implanted group was significantly higher than that in the control group, indicating that the growth of secondary hair follicles in the implanted group was earlier than that in the control group. On the basis of transcriptome sequencing data, we identified 14 co-expression modules using WGCNA, selected the blue module as having an expression that aligned with the growth cycle of cashmere for analysis, and constructed a predicted protein interaction network. Key genes within the blue module were identified using the STRING database and CytoHubba. GO and KEGG analyses were performed with the differentially expressed genes. The upregulated differentially expressed genes were compared with hub genes and the genes enriched in 3 or more signaling pathways in the implanted group and the control group in May, providing important insights into the transcriptional mechanism of MT-mediated skin hair follicle development in Inner Mongolia cashmere goats.

Genes play a decisive role in the process of cashmere growth. Previous studies have found that implanting MT can promote the early growth of cashmere, but the specific genes and pathways involved in the early growth of cashmere remain to be studied. Therefore, it is highly important to study the genes related to cashmere growth regulation after MT implantation. The pathway enrichment analysis in this study identified six genes enriched in more than three pathways: PDGFRA, WNT5A, PPP2R1A, BMPR2, BMPR1A, and SMAD1. The signaling pathway regulating the pluripotency of stem cells was the pathway most significantly enriched with the differentially expressed genes. This result may indicate that stem cells play an important role in hair follicle development during the hair cycle, but no relevant reports have been made. Moreover, differentially expressed genes were also enriched in the Hippo, TGF-beta and MAPK signaling pathways, which are all related to cashmere growth (25–29).

In our previous studies, we found that the development of hair follicles is regulated by hair follicle stem cells, and through single-cell analyses, we found that hair follicle stem cells can affect the development cycle of cashmere. The epidermis regenerates in a steady state through balanced proliferation of basal cells and exfoliation of keratinized squamous cells on its surface. Hair follicles regenerate through a complex cyclical process. The cycle begins with the activation of stem cells, which is followed by the proliferation and differentiation of their progeny (30). WNT5A, which is critical to the initiation of hair growth, was enriched in the signaling pathway pluripotency of stem cells and the WNT signaling pathway (31–33). Wnt-secreted proteins can stimulate diverse signaling pathways in cells and play important roles in cell proliferation, differentiation and migration as growth regulators. Many studies have confirmed that the classical Wnt/β-catenin signaling pathway plays a key role in hair follicle growth (34). WNT5A can activate both classical and non-classical WNT signaling pathways and act through different WNT pathways after binding to different receptors in different cell types. The binding of WNT5A to the FZD-4 receptor activates the β-catenin pathway to promote cell proliferation (35). Therefore, we hypothesized that WNT5A may affect the initiation of cashmere growth through activation of the β-catenin pathway.

A main role of the platelet-derived growth factor (PDGF) gene is to promote DNA synthesis in cells. PDGF participates in the regulation of hair follicle growth and development mainly through PDGF signaling (including through the PDGFA gene and PDGF receptors A and B). Studies have shown that PDGF signaling is related to hair follicle morphogenesis in early hair follicle development and that inhibition of the expression of PDGF or its receptor PDGFRA or PDGFRB in growing and developing hair follicles prevents hair follicle maturation (36). In this study, PDGFRA was identified as a key gene in four pathways, and many genes in the blue module are related to PDGFRA, such as IGF1, ITGAV, FRS2, and CDK6. Most of these genes are related to cell growth, and some researchers have found that the treatment of acute wounds in rats with IGF1-overexpressing fibroblasts can significantly improve the rate of wound healing (37). ITGAV has been proven to be a key gene for the initiation of goat cashmere growth (38). Cyclin-dependent kinase 6 (CDK6) is an important regulator of the cell cycle and plays a role to similar CDK4 as a mediator of keratinocyte proliferation (39). The docking protein FRS2 is involved in the transmission of extracellular signals from fibroblast growth factor (FGF) or nerve growth factor (NGF) receptors to the Ras/MAPK signaling pathway (40). The MAPK and PI3K-AKT signaling pathways have been confirmed to play an important role in the initial stage of cashmere development (25, 41). The Jak-stat signaling pathway may be involved in the transition from the resting to the growth phase in cashmere growth (42), and the Ras signaling pathway is also believed to be involved in the development and regeneration of hair follicles (43). Early research by our group through simple correlation analysis of the expression levels of cashmere growth-related genes showed that each signaling pathway was interconnected and interwoven into a network to regulate the periodicity of cashmere growth. MT implantation can promote the expression of PDGFA and its receptor, PDGFRA, as well as their binding. PDGFA, PDGFRA, and NTRK3 play a synergistic role in the periodic growth of cashmere. During robust growth, the PDGF signaling pathway plays an important role, consistent with the results of this study.

At the beginning of the growth phase, follicular progenitor cells in the epidermis induce mesenchymal condensation to form the dermis, which then produces proliferating stromal cells. These epidermal cells further differentiate into hair stem cells; in addition, some of these stem cells form the basal layer of the epidermis. The BMP family is the largest subfamily of growth factors in the TGF-beta superfamily and controls hair follicle morphogenesis at many different stages (44). BMP signaling occurs through a complex of type I (BMPRI) and type II (BMPRII) BMP receptors. BMPR1A is one of the three type I BMP receptors. Deletion of the BMPR1A gene in mouse skin hair follicles resulted in reduced hair follicle differentiation and interfollicular epidermal cell growth in mouse fetal skin and in a significant reduction in the number of hair follicles in postnatal mice, which were hairless in the affected area (45). These results suggest that BMPR1A signaling is critical not only for hair follicle differentiation during development but also for epidermal cell proliferation or differentiation during the renewal of the adult cashmere cycle. In addition, TGF-beta signaling plays a key role in various aspects of hair follicle development and circulation (44), and some experimental studies have demonstrated that BMPR2 is essential for normal hair development and maintenance. Decreased BMPR2 expression results in premature end of the growth phase. This finding also confirms the positive effect of BMPR2 on the initiation and maintenance of cashmere in this study.

Mammalian hair follicle development begins in the embryonic stage, and studies have shown that Wnt/β-catenin, TGF-beta/Smad and other signaling pathways are involved in the early initiation, differentiation and development of the hair follicle tissue structure (46). In skin hair follicle tissue, SMAD1 mainly plays a role in promoting tissue differentiation and hair follicle formation; in contrast, SMAD1 is rarely expressed in the base of mature hair follicles. Therefore, we speculated that SMAD1 may be a key promoter gene of cashmere development. PPP2R1A is the scaffold subunit of protein phosphatase 2A (PP2A), one of the four major serine/threonine protein phosphatases. The mechanism of this gene in hair follicle development in cashmere goats has not been reported, but based on the signaling pathways and increased expression level of PPP2R1A, we speculate that PPP2R1A may be related to cell proliferation and differentiation, a possibility that will constitute our future research direction. In general, in this study, by using WGCNA, we identified 6 key genes that may mediate the effects of MT and lead to early cashmere production in cashmere goats, providing a foundation for subsequent research.



Conclusion

In this study, WGCNA was used to investigate the mechanism by which exogenous melatonin regulates the cycle of cashmere developmental. Histological sections of goat skin that were collected in May showed that the hair follicles of the control group were located deeply in the epidermal layer, while the hair follicles of the implanted group were located near the epidermal layer. The ratio of secondary hair follicles to primary hair follicles in the implanted group was significantly higher than that in the control group. A total of 14 co-expression modules were identified, and the blue module was found to be correlated with the cashmere growth cycle after MT implantation. Through analysis of the hub genes, the genes in the blue module and the genes differentially expressed between the implanted group and the control group in May, PDGFRA was identified as the key gene through which MT regulates cashmere growth, providing a theoretical basis for further improving cashmere yield and economic benefit.
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Imputed whole-genome sequence (WGS) has been proposed to improve genome-wide association studies (GWAS), since all causative mutations responsible for phenotypic variation are expected to be present in the data. This approach was applied on a large number of purebred (PB) and crossbred (CB) pigs for 18 pork color traits to evaluate the impact of using imputed WGS relative to medium-density marker panels. The traits included Minolta A*, B*, and L* for fat (FCOL), quadriceps femoris muscle (QFCOL), thawed loin muscle (TMCOL), fresh ham gluteus medius (GMCOL), ham iliopsoas muscle (ICOL), and longissimus dorsi muscle on the fresh loin (FMCOL). Sequence variants were imputed from a medium-density marker panel (61K for CBs and 50K for PBs) in all genotyped pigs using BeagleV5.0. We obtained high imputation accuracy (average of 0.97 for PBs and 0.91 for CBs). GWAS were conducted for three datasets: 954 CBs and 891 PBs, and the combined CBs and PBs. For most traits, no significant associations were detected, regardless of panel density or population type. However, quantitative trait loci (QTL) regions were only found for a few traits including TMCOL Minolta A* and GMCOL Minolta B* (CBs), FMCOL Minolta B*, FMCOL Minolta L*, and ICOL Minolta B* (PBs) and FMCOL Minolta A*, FMCOL Minolta B*, GMCOL Minolta B*, and ICOL Minolta B* (Combined dataset). More QTL regions were identified with WGS (n = 58) relative to medium-density marker panels (n = 22). Most of the QTL were linked to previously reported QTLs or candidate genes that have been previously reported to be associated with meat quality, pH and pork color; e.g., VIL1, PRKAG3, TTLL4, and SLC11A1, USP37. CTDSP1 gene on SSC15 has not been previously associated with meat color traits in pigs. The findings suggest any added value of WGS was only for detecting novel QTL regions when the sample size is sufficiently large as with the Combined dataset in this study. The percentage of phenotypic variance explained by the most significant SNPs also increased with WGS compared with medium-density panels. The results provide additional insights into identification of a number of candidate regions and genes for pork color traits in different pig populations.
Keywords: pork color traits, crossbred pigs, purebred pigs, imputed whole-genome sequence, GWAS, QTL regions
INTRODUCTION
Pork color is a key effective indicator for meat quality traits and freshness, since it has been shown that there is a moderate to high association between some of the pork color traits and other meat quality traits such as drip loss (e.g., genetic correlation of 0.55 ± 0.24 and 0.42 ± 0.19 between drip loss and Loin Minolta L* and Loin Minolta A*, respectively) and ultimate pH (genetic correlation of -0.37 ± 0.16) (Miar et al., 2014). Therefore, pork color is an important factor which influences consumer decisions for purchasing pork (Glitsch, 2000). Moreover, Miar et al. (2014) showed that pork color traits had moderate to high heritability, ranging from 0.10 ± 0.05 to 0.38 ± 0.06 (average = 0.25). This shows that in addition to the environmental factors, genetic factors control pork color. Hence, genetic improvement of pork color, which is economically important for the swine industry, is possible in pig breeding programs. Understanding the complex genetic mechanisms underlying pork color traits, which can be done by detection of new genomic regions associated with these traits, is a necessity for the genetic improvement of these traits. Genome-wide association studies (GWAS) using a part of the data1 in the current study, have identified several regions associated with pork color traits (Zhang et al., 2015; Yang et al., 2017). Five genomic regions on Sus scrofa chromosomes (SSC) 1, 5, 9, 15, 16 and the X chromosome were identified (Zhang et al., 2015). The region on SSC15 spanning 133–134 Mb explained 3.51%–17.06% of genetic variance for five measurements of pH and color (Zhang et al., 2020). Yang et al. (2017) identified 20 genomic regions associated with 18 pork color traits. Three of the genomic regions (on 32–36 Mbp of SSC1 for quadriceps femoris muscle (QFCOL) Minolta A*, 130–134 Mbp of SSC15 for three traits (QFCOL Minolta A* and B*, thawed loin muscle (TMCOL) Minolta B*), and a region on SSC16) associated with three pork color traits identified by Zhang et al. (2015) were also detected by Yang et al. (2017).
To date, most GWAS have used medium-to high-density marker panels to detect the genomic regions associated with carcass and meat quality traits. Use of whole-genome sequence (WGS) is expected to improve identification of associated regions (in terms of both distinct and extended candidate regions and identifying novel genomic regions), because most of the causative variants are expected to be within WGS. The causative SNPs have low MAF (rare variants) and their variance is expected to be captured using WGS. According to simulations, using WGS data for GWAS, the precision of mapping for rare variants increased considerably, which supports the efficiency of WGS in detecting and fine-mapping of low frequency variants simultaneously (Wu et al., 2017). Identification of such variants can increase the utility of genomic selection (GS) for traits such as pork quality by increasing selection accuracy, particularly in multi-population or across population genetic evaluations as used in most commercial pig production which uses crossbreeding and ultimately accelerating genetic gain (Kizilkaya et al., 2014). A disadvantage of using WGS for genetic analyses is the cost of sequencing. Even though the costs of WGS are decreasing, it is still too expensive to sequence at sufficient coverage the thousands of animals required for accurately detecting the genomic regions associated with complex quantitative traits such as pork color traits. A promising alternative is to sequence influential founder animals with the highest genetic contribution to the target population (so-called “reference population”) and to impute the sequence of the remaining animals from low density genotypes (so-called “target population”) (Meuwissen and Goddard, 2010a; b). A cost-effective sequencing alternative to obtain large-scale genomic information is low-pass whole-genome sequence in which 1x coverage or less of a target genome is sequenced. Low-pass sequencing combined with imputation has been proposed as an alternative to genotyping arrays for improving both quantitative trait loci (QTL) detection through a GWAS (Li et al., 2021) and genomic prediction accuracy (Snelling et al., 2020).
Through imputation, based on WGS, the missing variants in the target population can be predicted by use of linkage and segregation analysis. Imputation accuracy is an important factor for more accurate detection of associated regions. Bouwman et al. (2018) assessed the accuracy of imputation from a 70K SNP panel to WGS, from a 660K SNP panel to WGS, and a two-step procedure from 70K to 660K to WGS, using three imputation programs including Beagle 4.1 (Browning et al., 2018), Minimac3 (Das et al., 2016), and FImpute (Sargolzaei et al., 2014). They showed that using a small reference set of 168 sequenced pigs, imputation from 660K was more accurate than imputation from 70K directly to WGS. Their two-step procedure (from 70K to 660K to WGS) resulted in the lowest imputation accuracy. They also showed that Beagle 4.1 outperformed Minimac3. In their study, FImpute performed less well compared with other imputation programs. A useful strategy to reduce imputation error rate is to filter SNPs based on their imputation accuracy prior to analysis.
The use of imputed WGS has been more common in GWAS for pig traits in recent years (Li et al., 2017; Yan et al., 2017; Yan et al., 2018; Van den Berg et al., 2019; Wu et al., 2019; Yang et al., 2021). Van den Berg et al. (2019) showed that using the imputed WGS, the detected QTLs increased with increasing SNP density. They found that compared to 80K and 660K genotypes, using imputed WGS led to the identification of 48.9 and 64.4% more QTL regions, for Landrace and Large White pigs, respectively, and the most significant SNPs in the QTL regions explained a higher proportion of phenotypic variance. Wu et al. (2019) detected 113 and 18 SNPs associated with farrowing interval of different parities in two pig populations using imputed sequence variants. Also, Yan et al. (2017) identified a QTL associated with lumbar number in Sutai pigs using imputed WGS. Nevertheless, to the best of our knowledge, few studies have investigated using imputed WGS for GWAS for meat and carcass quality traits in both purebred and crossbred pigs.
We performed GWAS for 18 meat color traits including Minolta L*, A*, and B* for fat (FCOL), quadriceps femoris muscle (QFCOL), thawed loin muscle (TMCOL), fresh ham gluteus medius (GMCOL), ham iliopsoas muscle (ICOL), and longissimus dorsi muscle on the fresh loin (FMCOL). Analyses were conducted for two datasets: 9542 crossbred pigs (CBs) and 8913 purebred pigs (PBs). Sequence variants, called across the 60 sequenced pigs, were imputed from a medium-density marker panel (61K for CBs and 50K for PBs) in all genotyped pigs. We applied a single marker association analysis and accounted for polygenic effects through the genomic relationship matrix for each dataset. The main objectives of the study were therefore: 1) to assess the imputation accuracy from 61K CBs and 50K PBs to WGS using a small reference population of 60 sequenced pigs, and 2) to investigate whether the use of WGS detected more associated regions compared with lower density SNP panels. Furthermore, we performed GWAS on combined CBs and PBs to assess whether or not the power of GWAS increased with increasing population size. Finally, we identified potential candidate genes within the associated regions and described the biological roles of the most interesting regions through functional analyses.
MATERIALS AND METHODS
Data
Phenotypes
This study was performed using the data provided by Hendrix Genetics (Hypor Inc., Regina, SK, Canada). Phenotypes of 18 meat color traits were available for 1,037 commercial crossbred pigs (524 female and 513 male CBs, mostly from three-way cross between Duroc boars and Landrace-Yorkshire sows, and 76 were from F1 hybrid sows (Landrace-Yorkshire)). Also, phenotypes of 15 meat color traits were available for 891 purebred Duroc females. The list of the 18 meat color traits and their abbreviations are given in Table 1. Number of individuals in the pedigree were 4,420 and 5,260 for CBs and PBs, respectively. The combined PB and CB pedigree was made by defining the genetic groups in ASReml program V4.0 (Gilmour et al., 2015), as the animals from PBs and CBs were considered to belong to different genetic groups. Thus, the combined pedigree comprised 6,419 individuals including the genetic groups. The details on how the pork color phenotypes were measured in the six locations of the pork have been described in Yang et al. (2017).
TABLE 1 | List of pork color traits and their abbreviations.
[image: Table 1]Genotypes
Of the 1,037 crossbred individuals that had phenotypic records, 941-954 individuals (depending on the trait) had both phenotypes and genotypes with a custom 61K (61,565 SNPs)4 Illumina SNP panel (Table 2). Genotyping of CBs was performed by Delta Genomics (Edmonton, AB, Canada) using Illumina PorcineSNP60 V2 Genotyping Beadchip according to the Illumina Infinium Assay (Illumina, Inc., San Diego, CA, United States). Of the 891 purebred Duroc females that had phenotypic records, 873-891 individuals (depending on the trait) had both phenotypes and genotypes with a custom 50K (50,703 SNPs) Illumina SNP panel (Table 2). Genotyping of purebred pigs was performed by Neogen Corporation - GeneSeek operations (Lincoln, Nebraska, NE, United States). Based on the “proportion of genetic diversity” approach (Druet et al., 2014), 60 Duroc boars were identified as key ancestors of the PB population and DNA of these boars was used for sequencing. Moreover, for 17 of the 891 purebred Duroc sows, genotypes from the 660K SNP panel including 659,692 SNPs were available. We used this set of individuals to assess potential increase in imputation accuracy when using a two-step procedure. The two-step procedure was from 50K to 660K to WGS, while in the one-step approach the imputation was conducted from 50K to WGS directly.
TABLE 2 | The descriptive statistics for 18 pork color traits: number of animals per trait (N), means, SD, minimum (Min.), and maximum (Max.) values for different datasets (CB, PB, and Combined dataset).
[image: Table 2]Collection of deoxyribonucleic acid samples, deoxyribonucleic acid extraction, library preparation and next-generation sequencing
Genomic DNA extraction from blood and tissue was carried out using the Qiagen DNeasy extraction protocol (Qiagen, Mississauga, ON) by Delta genomics. Extracted DNA was quantified using the Qubit dsDNA HS Assay (Life Technologies, Burlington, ON). 100ng to 1ug of gDNA was sheared using the Covaris S2 focused sonicator (Covaris Inc.) to achieve a fragment size ranging from 300 to 400bp. Sheared DNA fragments were used for library preparation according to respective library preparation protocol that were compatible with Illumina next generation sequencing platform. Quality check and library preparations were done by NEOGEN Canada (Edmonton, AB, Canada). Sequencing was done by McGill University and Génome Québec Innovation Centre (Montréal, Québec, Canada). Libraries were normalized and pooled and then denatured in 0.05N NaOH and neutralized using HT1 buffer. ExAMP was added to the mix following the manufacturer’s instructions. The pool was loaded at 200pM on a Illumina cBot and the flowcell was run on a HiSeq X for 2 × 151 cycles (paired-end mode). A phiX library was used as a control and mixed with libraries at 1% level. The Illumina HiSeq Control Software was HCS HD 3.4.0.38, and the real-time analysis program was RTA v. 2.7.7. Program bcl2fastq2 v2.20 was then used to de-multiplex samples and generate fastq reads.
Sequence depth, read trimming, alignment, and variant calling
Sequence reads trimming and adapter clipping was performed using Trimmomatic algorithm 0.38 (Bolger et al., 2014). The average sequence coverage was computed using depth in VCFTOOLS (Danecek et al., 2011) and was 21.75 across the 60 sequenced animals (Supplementary Table S1). Sequence reads alignment was conducted using the current pig reference genome (Sus scrofa 11.1 (https://uswest.ensembl.org/Sus_scrofa/Info/Index), www.ensembl.org/biomart/martview) with BWA mem (BWA 0.7.17) using the default parameters (Li and Durbin, 2009). The alignment SAM files were converted to BAM format using Samtools-0.1.19 (Li et al., 2009). Next, BAM files were sorted and indexed by Samtools 1.8 (Li et al., 2009). Potential PCR duplicates were removed by tool MarkDuplicates from Picard v2.18.2 (http://broadinstitute.github.io/picard/). Variants (SNPs and insertion-deletions (INDELs)) were called using GenomeAnalysisToolKit-3.8-1-0 (GATK) (McKenna et al., 2010). Tool HaplotypeCaller was used for variant calling. Default parameter settings of HaplotypeCaller were used for variant calling, except for the following parameters: minimum base quality required to consider a base for calling equal to 20 and the minimum phred-scaled confidence threshold for variant calling equal to 20. Base quality recalibration was performed according to GATK best practices guidelines using tools BaseRecalibrator and PrintReads (McKenna et al., 2010; van der Auwera et al., 2013). Finally, BAM files were pooled for variant calling. In the 60 Duroc males, the total numbers of SNPs and INDELs called were more than 19 and more than five million, respectively.
Quality control of called sequenced variants
During variant calling, the variants were filtered using parameters recommended by GATK Best Practices (DePristo et al., 2011). Some other filters were applied to choose sequencing variants for GWAS analyses. Due to the complexity of imputation for INDELS, we only used SNPs as variants in this study. The following filters were applied to SNPs before subsequent analyses. A SNP was excluded with: the strand bias p-value < 0.01 calculated with Fischer’s exact test, two or more alternative alleles, a MAF <0.025, missing observation of the alternative allele on either the forward or reverse reads, being located within 4 bp of each other, being located within 5 bp of an INDEL, a mapping quality (MQ) score of <40, a phred score <20, a read depth (DP) of less than 10% of median or more than median plus 3 standard deviation of read depth, a quality depth (QD) < 5. We also removed sex chromosomes. After filtering, 11, 946, 148 SNPs on autosomes (SSC1 to SSC18) remained for the 60 animals across the whole-genome (Table 3).
TABLE 3 | Total number of SNPs, chromosome length, and average imputation accuracy (allelic DR2) per chromosome after filtrations, and before and after imputation filtration criteria (allelic DR2) in crossbreds (CBs) and purebreds (PBs).
[image: Table 3]Quality control of 50K, 61K, and 660K SNP panel
Quality control of the 50K (for 891 PBs), 61K (for 954 CBs) and 660K (for 17 PBs) were as follows: SNPs were excluded if they were duplicated, if they had a MAF <0.01. Furthermore, SNPs with genotype call rate <0.95 and SNPs with unknown map positions were removed. The quality control of genotypes was done for each trait separately, because the number of animals with both genotypes and phenotypes differ among the pork color traits. The numbers of SNPs after these exclusions are indicated in Table 4.
TABLE 4 | Number of individuals and SNPs used for GWAS after quality control for different datasets (61K genotypes of CBs, 50K genotypes of PBs, and Combined dataset).
[image: Table 4]Imputation to whole-genome sequence
Beagle V5.0 (Browning et al., 2018) was used for imputation of 61K genotypes of CBs, 50K genotypes of PBs, and 660K genotypes of 17 purebred Duroc sows to the WGS (60 sequenced pigs). Default parameter settings of Beagle V5.0 were used, except for number of iterations for genotype phasing (default value was 12, but we used 25), and for effective population size (default value was 1,000,000 which is appropriate for a large population such as the human population, but we used 100 for our pig populations which helps with accurate imputation of small populations (Browning et al., 2018)). Pedigree information was not used for imputation.
Evaluation of imputation accuracy is needed particularly for SNPs with low minor allele frequency (MAF) which are abundant in WGS. Evaluation of imputation accuracy was done in two ways. The first measure of imputation accuracy per SNP was obtained from the allelic DR2 generated by Beagle, which is defined as the squared correlation between the expected dose (i.e., P (AB) + 2*P(BB)) and the true dose (Browning et al., 2018). Second, we were interested in imputation accuracy per pig (animal-specific imputation accuracy). True and imputed genotypes are needed to evaluate animal-specific imputation accuracy. Of the 60 sequenced pigs, 61K genotypes were available for 55 individuals which were used for assessing the animal-specific imputation accuracy using leave-one-out cross validation. Imputation accuracy was defined as the correlation between true and the most likely imputed genotypes. The leave-one-out cross validation analyses were performed using both Beagle V5.0 and FImpute (Sargolzaei et al., 2014) to compare the performance of the two programs. Due to large computation time, animal-specific imputation accuracy was assessed with the data for SSC18 only. For FImpute, the default values on all parameters were used, except for the error rate threshold to find progeny-parent mismatches, shrink factor for sliding windows, and amount of overlap for sliding windows. The values used for progeny-parent mismatches, shrink factor, and amount of overlap for sliding windows were 0.03, 0.15, and 0.65, respectively.
To assess whether a two-step imputation strategy would improve imputation accuracy compared with a one-step imputation strategy, particularly for low MAF SNPs (Kreiner-Møller et al., 2014; Lent et al., 2016; Bouwman et al., 2018), we performed imputation, using Beagle V5.0 only, from 50K SNP panel to WGS with 60 Duroc boars (one-step imputation strategy) and from 50K SNP panel to 660K SNP panel to WGS with 60 Duroc boars (two-step imputation strategy).
Quality control of imputed genotypes
Imputed genotypes were filtered based on the imputation reliability (allelic DR2) produced by Beagle (Table 4). The chosen cut-off threshold for filtrations of allelic DR2 was 0.8. The reason for adapting a cut-off threshold of 0.8 was to achieve a balance between the average imputation reliability and the number of excluded SNPs. Consequently, of the 11,946,148 SNPs used for imputation, after exclusion of SNPs with imputation reliability less than 0.8, 7,393,270 and 10, 409, 622 SNPs remained for further analyses for CBs and PBs, respectively (Table 3).
Variance component estimates
Variance components, additive genetic variance ([image: image]) and residual variance ([image: image]), were estimated via the restricted maximum likelihood (REML) using ASReml program V4.0 (Gilmour et al., 2015) using a best linear unbiased prediction (BLUP) animal model as follows:
[image: image]
where [image: image] is the vector of phenotypic records, 1 is a vector of ones, μ is overall mean of phenotypic records, b is a vector of fixed class effects (the significant fixed effects for each trait is given in Table 5), X is a design matrix corresponding to the fixed effects, a is a vector of breeding values considered as random effects, [image: image] is an incidence matrix that related phenotypic records to breeding values, and e is a vector of random residual effects. It is assumed that [image: image] and [image: image] where [image: image] and [image: image] are the additive genetic and residual variances, respectively, and A is the numerator relationship matrix based on pedigree. Moreover, a narrow-sense heritability ([image: image]) was calculated as the division of the additive genetic variance by the total phenotypic variance as shown in Table 6. Standard errors of the variance components were also estimated by ASReml.
TABLE 5 | Significance of the fixed effects (sex, slaughter date, room, pen, birth year-month, and population) included in the mixed model for different datasets (CB, PB, and Combined dataset) for the pork color traits.
[image: Table 5]TABLE 6 | Variance component estimates (additive and residual variances), and estimates of total heritability for 18 pork color traits for different datasets (CB, PB, and Combined dataset).
[image: Table 6]When the CBs and PBs were combined for variance component estimations, the heterogeneous genetic and residual variances were fitted in the model. Since CBs contained both males and females individuals, while PBs contained only female individuals, first an animal model was fitted to check the difference between the residual variances in CB and PBs as well as the difference between the residual variances between the male and female individuals. For all traits, the residual variances were different between the two populations as well as between the two sexes. Then, the first model was expanded to check if there was a difference between the genetic variances between the two populations (CBs versus PBs).
For parameter estimation, the data size presented in Table 2 was used, which ranges from 941 (FCOLA) to 954 (QFCOLB) for CBs, from 873 (FCOLA) to 891 for most of the traits. For Combined dataset, the total number of individuals was 1,844 for all traits. Relevant fixed effects fitted in the mixed model analysis for the 18 color traits are in Table 5.
Genome-wide association analyses
The model used for GWAS was a single-marker mixed linear association model (MLMA, mixed linear model based association analysis) implemented in GCTA version 1.92.1beta6 (Yang et al., 2011; Yang et al., 2014). The statistical model was as follows:
[image: image]
Where [image: image] was the vector of phenotypic records corrected for fixed effects (only significant fixed effects was used for correcting each trait, See Table 5). [image: image] was the additive effect (fixed effect) of the candidate SNP to be tested for association, [image: image] was a vector containing the SNP genotype indicator variable coded as 0 (AA), 1 (AB), and 2 (BB). [image: image] was a vector of random polygenetic effects, and e was a vector of random residual effects. It was assumed that [image: image] and [image: image], where [image: image] and [image: image] were the genetic and residual variances, respectively. [image: image] was the genomic relationship matrix based on genotypes, constructed using GCTA software tool (Yang et al., 2011). GWAS was done using both medium-density panels and WGS data.
Significance testing
The significance threshold of SNP effects was assessed by using a false discovery rate (FDR) of 0.1 (Benjamini and Hochberg, 1995). Such threshold is needed to reduce the number of unacceptable false positives due to multiple testing. To account for population structure, the GWAS p-values for each trait were corrected for their corresponding genomic inflation factor (here called lambda) (Yang et al., 2011). Lambda was used for evaluating the bias. Lambda values for each data panel (medium-density and WGS) were computed as the median of the observed chi squared test statistics divided by the expected median of the corresponding chi squared distribution assuming 1 degree of freedom. p-values were used to compute the chi square test statistics. Moreover, quantile-quantile (qq) plot for each trait was used to evaluate the inflation of p-values by comparing the genome wide distribution of -log10 of the p-values with the expected median of the corresponding chi squared distribution assuming a degree of freedom of one.
Linkage disequilibrium decay
LD decay pattern between pairwise SNPs (imputed sequence) was evaluated for both CBs and PBs. The pairwise LD values (r2, defined as the correlation between alleles of two SNPs harbored at different loci (Hill & Robertson, 1968) between SNP pairs were computed for SNPs located within 2000 Kb windows and shorter (Figure 1). Due to large computation time, LD analyses were only done for SSC1.
[image: Figure 1]FIGURE 1 | Linkage disequilibrium (LD, r2) decay for SSC1 of CBs and PBs as a function of inter-SNP distance. Physical (genetic) distance is measured in base pair (bp).
Quantitative trait loci definition
For all traits, we defined the quantitative trait loci (QTL) regions according to the definition described by van den Berg et al. (2019) as follows. First, the SNPs on each chromosome were ranked based on their -log10 p-values. Secondly, starting with the SNPs with the largest -log10 p-value, all significant SNPs that exceeded the FDR of 0.1 and surrounding SNPs within a 0.5 Mb region to the left and right of the SNP were assigned to that QTL region. These two steps were repeated until all significant SNPs were assigned to a QTL region. A distance of 0.5 Mb was chosen as the average LD of commercial pig lines decreases to less than 0.3 (Figure 1) when the SNPs are more than 0.5 Mb apart.
Variance explained by significant variants
The percentage of phenotypic variance explained by each SNP was estimated as: [image: image], where p and q are the allele frequencies of major and minor alleles, and a is the estimated allele substitution effect. It should be noted that for the Combined dataset, the average of phenotype variance of crossbreds and purebreds was used for computation of variance explained.
Post-genome-wide association studies analyses
After GWAS, candidate gene identification and functional annotation for the significant SNPs were obtained using Ensemble annotation of Sus scrofa 11.1 (https://www.ensembl.org/info/data/biomart/). Genomic regions associated with the pork color traits were identified using a 1 Mb window (up- and down-stream of significant peak). The ClueGo plug-in (Bindea et al., 2009) and Cytoscape program (Shannon et al., 2003) were used to group and visualize the genes according to the biological processes in which they are involved in. The ClueGO plug-in uses both Gene Ontology (GO) terms and KEGG/BioCarta pathways to develop a GO/pathway network. Furthermore, ClueGO calculates enrichment and depletion tests for groups of genes based on the hypergeometric distribution and corrects the p-values for multiple testing. The Sus scrofa database (http://ftp.ensembl.org/pub/current_fasta/sus_scrofa/dna/) was used in pathway and biological processes investigation. We selected the 5th to the 10th levels of the GO hierarchy and a kappa score of 0.4 (Bindea et al., 2009). When no biological functions or pathways were found, these parameters were relaxed to be less stringent.
RESULTS
Total number of pigs used for GWAS, and the descriptive statistics for 18 pork color traits including the minimum, maximum, mean and standard deviation of traits for different datasets (CB, PB and combined CBs and PBs5) are in Table 2. Because of the quality control during and after variant calling on WGS, not all SNPs on the 61K, 660K, and 50K SNP panels were present in the WGS, i.e., for the CBs, 26,585 SNPs of the 61K SNPs and 430,404 SNPs of the 660K SNPs were present, and for the PBs, 34,733 SNPs of the 50K SNPs were present in the WGS.
Population structure
Supplementary Figure S1 demonstrates (Supplementary Figure S1) population structure among the CBs (n = 954) and PBs (n = 891) populations, which was computed in Plink using the principal component analysis (PCA) procedure. The common SNPs between 61K and 50K (∼30K) were used for plotting. The blue color shows the PB animals and the red color shows CB pigs. The CB individuals are dispersed across the plot.
Minor allele frequency distribution
The distribution of MAF from the 61K and 50K SNP panels were uniform, whereas the distribution of MAF from WGS was U-shaped with a substantial proportion of SNPs with small MAF values (approximately 19% of SNPs had a MAF lower than 0.025) (Supplementary Figure S2A). MAF distribution of sequence SNPs used for downstream analyses, after excluding the MAF <0.025, is given in Supplementary Figure S2B. Average MAF across the 28 autosomes before excluding MAF <0.025 was 0.28. After filtration of MAF with 0.025 cut-off threshold, the average MAF was 0.33.
Evaluation of accuracy of imputation
The average allelic DR2 from the 61K and 50K SNP panels to sequence imputation before any filtration was 0.80 and 0.90 across all chromosomes, for CBs and PBs, respectively (Table 3). After filtration of allelic DR2 < 0.8, the average allelic DR2 from the 61K and 50K SNP panels to sequence imputation across all chromosomes was 0.91 for CBs and 0.97 for PBs (Table 3). The number of SNPs before and after allelic DR2 filtration is given in Table 3. Beagle DR2 varied between the CBs and PBs and also among the 18 chromosomes. For CBs, the smallest and largest Beagle DR2 were obtained for SSC5 (0.77) and SSC4 (0.84), respectively. For PBs, the smallest Beagle DR2 were obtained for SSC2 and SSC12 (0.88) and the largest Beagle DR2 were obtained for SSC4, 8, 13, and 15 (0.92). Across all chromosomes, the average allelic DR2 was larger for PBs than CBs.
The distribution of allelic DR2 against MAF for CBs and PBs are shown in Figure 2. As expected, the imputation accuracy was lower for SNPs with lower MAF, and increased with MAF. The most pronounced increase in imputation accuracy was for MAF from the 0.01 to 0.10 for CBs and from 0.01 to 0.05 for PBs (Figure 2). For MAF larger than 0.10 for CBs and 0.05 for PBs, Beagle allelic DR2 reached a plateau at about 0.15 for both CBs and PBs. When we performed filtration on Beagle allelic DR2, most SNPs with a very low MAF (<0.01) were removed. Also, the average imputation accuracy was higher for PBs compared with CBs, which is most likely due to the higher genetic relationships between the sequenced pigs (60 Duroc males) and the PBs (Duroc females) compared with CBs. Moreover, CBs receive alleles from two other purebred parental lines and these lines are not represented in the reference panel for imputation.
[image: Figure 2]FIGURE 2 | Boxplot showing the imputation accuracy (allelic DR2) to whole-genome sequence (WGS) versus minor allele frequency (MAF) for CBs and PBs. The x-axis represents different classes of MAF (ranging from 0.01 to 0.5, with the steps of 0.01), and y-axis shows the imputation accuracies. The red and black dots are the mean and median of imputation accuracies across individuals in each MAF class.
The average animal-specific imputation reliability across the 55 sequenced PBs (only 55 individuals were both genotyped and sequenced) for SSC18 was 0.94 using Beagle V5.0 and 0.91 using FImpute (Supplementary Figure S3). Since the imputation accuracies produced by Beagle V5.0 were larger than FImpute for all analyses, be it only slightly, we used the imputed data from Beagle V5.0 in all subsequent analyses.
Two-step imputation accuracy
For all chromosomes, the mean imputation accuracy (Beagle allelic DR2) was higher (0.90) for one-step imputation approach compared with the two-step imputation approach (0.85) (Supplementary Figure S4). After filtering Beagle allelic DR2 < 0.8, the mean imputation for the two-step approach was slightly larger than those obtained from the one-step procedure (Supplementary Figure S4). Figure 3 compares the imputation accuracy (Beagle allelic DR2 > 0.8) in one-step (50K to WGS) and two-step imputation (50K to 660K to WGS) procedures, which are plotted against MAF. As shown, the imputation accuracy of low MAF SNPs (MAF <0.02) remains challenging. The average allelic DR2 across the genome was 0.996 for one-step approach and 0.985 for two-step approach. Due to very small difference in imputation accuracies between the two approaches, we performed the GWAS analyses only for the imputed variants from the one-step method.
[image: Figure 3]FIGURE 3 | Boxplot showing the imputation accuracy (allelic DR2) to whole-genome sequence (WGS) versus minor allele frequency (MAF) for PBs using a one-step imputation procedure from 50K to WGS (A) and a two-step imputation procedure, from 50K to 660K to WGS (B). The x-axis represents different classes of MAF (ranging from 0.01 to 0.5, with the steps of 0.01), and y-axis shows the imputation accuracies. The red and black dots are the mean and median of imputation accuracies across individuals in each MAF class. Average DR2 across the genome is 0.966 and 0.985 for the one-step and two-step imputation procedure, respectively.
Variance component estimates
Variance components and heritability estimates obtained from different datasets (CBs, PBs, and Combined dataset) for each color trait are in Table 6. Generally, the heritability estimates were low to high across the 18 meat color traits, and ranged from 0.20 ± 0.06 (GMCOLB) to 0.57 ± 0.09 (TMCOLA) for CBs, from 0.07 ± 0.06 (QFCOLB) to 0.43 (0.10) (GMCOLA) for PBs. When the Combined dataset was used, since the heterogeneous genetic and residual variances were fitted in the model, the heritability for CBs and PBs were estimated by the model separately and the heritabilities ranged from 0.17 ± 0.06 for GMCOLB to 0.60 ± 0.09 for FMCOLL in CBs and from 0.08 ± 0.05 for QFCOLL to 0.37 (0.10) GMCOLA in PBs.
Genome-wide association studies for pork color traits
Putative family stratifications were accounted for the GWAS analyses by incorporating the full genomic covariance among animals. Lambda ranged from 0.77 for ICOLB in Combined dataset (61K CBs plus 50K PBs) to 1.00 for FMCOLB in sequenced PBs, and the mean lambda across all traits was 0.91 (results not shown), suggesting that any potential bias and any major effect of population stratification was taken into account in the GWAS analyses. For all traits for which the QTL regions were found and for all datasets (CBs, PBs, and Combined dataset), lambda increased slightly as SNP density increased (Table 7). This shows that the inflation of p-values is lower when WGS data was used compared with the medium-density SNP panel.
TABLE 7 | Descriptive statistics of results of the GWAS for the pork colors with detected associated regions in at least one of the datasets at FDR >0.1 (CBs, PBs, Combined dataset) using different SNP densities and imputed whole-genome sequence (WGS).
[image: Table 7]For most color traits (16 color traits for CBs, 12 color traits for PBs, and 11 color traits for Combined dataset), zero associated regions were detected at FDR of 0.1. Total number of significant SNPs, number of QTL regions, FDR threshold, and genomic inflation factor values are given in Table 7. Generally, more QTL were detected for traits of PBs than those of CBs at FDR = 0.1. However, when we used a more relaxed FDR threshold >0.1 and up to 0.4, suggestive significant SNPs were detected for some traits in different datasets, i.e., for FCOLA (PBs), FCOLL (PBs), QFCOLA (CBs, PBs, and Combined dataset), FMOCLA (CBs and PBs), FMOCLB (CBs), FMCOLL (Combined dataset), GMCOLA (PBs and Combined dataset), GMCOLB (PBs), GMCOLL (CBs), and ICOLB (PBs) (results not shown). For CBs, significant SNPs were identified for TMCOLA and GMCOLB (Table 7; Figure 4), and for PBs, the associated SNPs were found only for FMCOLB, FMCOLL, and ICOLB (Table 7; Figure 5). For the Combined dataset, we found the associated variants for more traits including FMCOLA, FMOCLB, GMCOLB, and ICOLB (Table 7; Figure 6).
[image: Figure 4]FIGURE 4 | Associated regions detected by GWAS for crossbred pigs. Manhattan plots for: (A) TMCOLA and (B) GMCOLB using a 61K medium-density panel (top Figure) and WGS (bottom Figure). The -log10 p-values of single-SNP association along the entire genome are plotted against the genomic position of SNPs along the 18 autosome chromosomes. The SNPs associated with the corresponding traits exceeded the significance threshold at false discovery rate (FDR) of 0.1, having significant effects.
[image: Figure 5]FIGURE 5 | Associated regions detected by GWAS for purebred pigs. Manhattan plots for: (A) FMCOLB, (B) FMCOLL, and (C) ICOLB using a 50K medium-density panel (top Figure) and WGS (bottom Figure). The -log10 p-values of single-SNP association along the entire genome are plotted against the genomic position of SNPs along the 18 autosome chromosomes. The SNPs associated with the corresponding traits exceeded the significance threshold at false discovery rate (FDR) of 0.1, having significant effects.
[image: Figure 6]FIGURE 6 | Associated regions detected by GWAS for combined crossbred and purebred pigs. Manhattan plots for: (A) FMCOLA (B) FMCOLB (C) GMCOLB, and (D) ICOLB using a combined (61K + 50K) medium-density panel (top Figure) and WGS (bottom Figure). The -log10 p-values of single-SNP association along the entire genome are plotted against the genomic position of SNPs along the 18 autosome chromosomes. The SNPs associated with the corresponding traits exceeded the significance threshold at false discovery rate (FDR) of 0.1, having significant effects.
For all traits and using the medium-density panels, 22 QTL regions containing 71 significant SNPs at a genome-wide FDR of 0.1 were detected, whereas 58 QTL regions comprising 16,261 significant SNPs were detected at the same significance level using WGS data (Table 7; Figures 4–6). The twenty two regions detected by medium-density panels overlaped with those detected by WGS. The number of QTL regions (2 using 61K and 2 using WGS) and significant SNPs (3 using 61K and 579 using WGS) were lowest for CBs using both SNP panel densities (61K and WGS), while the number of QTL regions (11 using 50K and 37 using WGS) and significant SNPs (11,352 using WGS) were highest when the Combined dataset was used for GWAS for both panel densities, except for the number of significant SNPs detected by PBs using 50K data which was highest (41 SNPs) compared with CBs (3 SNPs) and combined data (27 SNPs) (Table 7).
Generally, the number of QTL regions increased with increasing panel density mainly for PBs and the Combined dataset, and did not change for CBs. For instance, for GMCOLB, the number of detected QTL region was only 1, regardless of what SNP density (61K or WGS) were used. For PBs, the additional QTL regions were located on SSC2 at 142.79–144.77 Mb and on SSC8 at 34 Mb, for FMCOLB, and on SSC10 at 38.13–38.29 Mb for FMCOLL (Table 8). Of all the new detected QTLs by WGS in PBs, the strongest new significant QTL was identified on SSC10 for FMCOLL (Figure 5). For the Combined dataset, the novel QTL regions identified by WGS compared with the medium-density SNP panel are given in Table 8 (also see Figure 6). Of all the new detected QTLs by WGS, the strongest new significant QTLs were identified on SSC1 for FMCOLA. Moreover, the total number of associated SNPs increased by increasing SNP density from 61K or 50K to WGS (Table 7; Figures 4–6). For example, it increased from 3 to 579 for CBs, from 41 to 4,330 for PBs, and from 27 to 11,352 for the Combined dataset.
TABLE 8 | Novel genomic regions detected by WGS in PB pigs and in Combined dataset (combined CBs and PBs).
[image: Table 8]For all datasets (CBs, PBs, and Combined dataset) and for all SNP panel densities (61K, 50K, and WGS), the majority of the significant SNPs were on SSC15 (Figures 4–6). For WGS, most of the significant SNPs were on SSC15 (93.17%), following by SSC5 (2.44%), and SSC2 (2.43%). The genomic location of the peak on SSC15 (across the traits) was between 119.57 and 122.50 Mb and between 119.56 and 123.56 for medium-density SNP panel and WGS, respectively. The position of the majority of SNPs within this window was the same between the medium-density and WGS data. For medium-density SNP panels, of the 71 significant SNPs, almost all of the significant SNPs were on SSC15 (∼88%), except for 9 significant SNPs. Those 9 SNPs were: five SNPs detected by PBs for FMCOLL on SSC2 at 147.22–150.43 Mb, 1 SNP detected by the combined data for FMCOLA on SSC1 at 164.72 Mb, 1 SNP detected by the combined data for GMCOLB on SSC2 at 144.95 Mb, and finally 2 SNPs detected by PBs for TMCOLA on SSC5 at 9.41–9.44 Mb. Based on these results, using the medium-density SNP panels, only a few new QTL regions and SNPs were detected by Combined dataset compared with BPs and CBs. However, using WGS data, many more new QTL regions and SNPs were detected by only Combined dataset, and not detected by PBs and CBs, suggesting that increasing both the sample size and SNP density together improves identification of associated genomic regions.
Besides the increase of the number of QTL regions with WGS, the percentage of the phenotypic variance explained by the most significant SNPs also increased by WGS compared with medium-density panels (Figure 7). Figure 7 shows the distribution of the percentage of phenotypic variance explained by the most significant SNPs identified using both WGS and medium-density panels (50K) for three pork color traits (FMCOLB, FMCOLL, and ICOLB) in PBs. For these three traits, the number of SNPs that explained more than two percent of phenotypic variance increased from 5 to 299 for FMCOLB and from 0 to 321 for FMCOLL, and from 8 to 263 for ICOLB, when WGS was used for GWAS compared with using 50K for GWAS. The threshold 2% was chosen, because the maximum percentage of variance explained by the significant SNPs that exceed the FDR of 0.1 were ∼3% and we therefore chose an arbitrary threshold lower than 3%.
[image: Figure 7]FIGURE 7 | Distribution of the percentage of phenotypic variance explained by the most significant SNPs identified using different SNP densities (WGS (top row) and medium-density panels (bottom row)) for pork color traits (FMCOLB, FMCOLL, and ICOLB) in PBs.
Candidate genes identified by functional analysis
Candidate genes (and their functions) located on significant regions and/or nearby regions identified by WGS for meat color traits in different populations (crossbreds (CBs), purebreds (PBs), combined CBs and PBs) are given in Table 9. Since most of the significant SNPs for most traits are located on SSC15, for simplicity only the results of the functional analyses on SNPs detected on SSC15 are explained. For all traits, the significant SNPs span a region from 119.56 to 123.56 Mb on SSC15. The genes on this region are in Table 9. Many of these genes such as PRKAG3 have been previously reported by Zhang et al. (2015) to be associated with pork pH and color. Some of the genes located on this region including CNOT9, PRKAG3, CDK5R2, VIL1, TTLL4, CTDSP1, SLC11A1, ZFAND2B, USP37, RNF25, STK36, FEV, WNT6, IHH, WNT10A, NHEJ1, TMBIM1 are involved in the regulation of protein phosphorylation processes, proteolysis, intracellular transduction, and negative regulation of cell communication. In addition, CATIP and ARPC2, VIL1 and BCS1L are involved in actin filament organization. There is evidence in the literature that meat color stability is inversely related to the phosphorylation of sarcoplasmic proteins (Mato et al., 2019; Li et al., 2020). An example of visualized gene network for the genes on SSC15 of ICOLB (region: 119.5–122.5 Mb) which shows the involved biological process is given in Supplementary Figure S5.
TABLE 9 | Candidate genes located on significant regions and/or nearby regions identified by whole-genome sequence (WGS) for meat color traits in different populations (crossbreds (CBs), purebreds (PBs), combined CBs and PBs).
[image: Table 9]DISCUSSION
In this study, we first assessed the imputation accuracy to WGS for two pig populations; CBs and PBs, using a small reference population of 60 sequenced PB key ancestors (Duroc males). Then, using the imputed WGS, we investigated whether the use of WGS data in a GWAS for pork color traits will improve the identification of the associated regions with respect to the extended QTL regions and/or detection of novel QTL regions in a sequenced-based GWAS relative to a medium-density SNP panel. The superiority of WGS over SNP panels is because of the existence of causal variants (rare variants responsible for phenotype variation) and rare variants with low LD with the SNPs on a medium-density panel (which most have moderate MAF), as the variance explained by these causal and rare variants can be better captured by WGS. Moreover, due to the relatively small size of our CB and PB populations (lower than 1,000 individuals per population), the Combined dataset was used in a GWAS, to assess whether enlarging the sample size will improve the potential advantage of WGS and enhance the power of detecting QTLs. Our imputation results showed a relatively high imputation accuracy obtained by Beagle V5.0 for both PBs (0.97) and CBs (0.91) after filtering the less accurate imputed genotypes (<0.8). Of the 18 pork colors, using different datasets, the genetic associations were identified only for a few traits (Table 7; Figures 4–6), and we did not detect any associated regions for most traits, regardless of panel density and dataset. WGS detected additional novel genomic regions for a few traits and with larger sample size (Combined dataset) (Table 8), the added value of WGS was more for detecting novel regions compared with SNP panel arrays. In the following sections, first, the factors influencing imputation accuracies are discussed, and then, the impact of using WGS data on GWAS results are discussed in detail.
Factors influencing imputation accuracy
Several factors influence the accuracy of imputation. These include the size of the reference population, the level of genetic relationship between the reference and validation population (Hickey et al., 2011; Heidaritabar et al., 2015), MAF of the SNPs to be imputed (Heidaritabar et al., 2015; Bouwman et al., 2018), the program used for imputation (Bouwman et al., 2018; Bolormaa et al., 2019), and the density of validation population (Heidaritabar et al., 2015). The biggest challenge when imputing to WGS data is the imputation of the rare variants with low frequency. Figure S2 shows that of approximately 12 million called SNPs on SSC1 to SSC18, about 28% have a frequency less than 0.05 (Supplementary Figure S2). Due to the existence of this large proportion of rare SNPs, it is crucial to impute these variants as accurately as possible. To achieve the highest possible imputation accuracy for rare SNPs, several things can be done including careful selection of the reference individuals, appropriate imputation programs (Calus et al., 2014; Bouwman et al., 2018), and sequencing a sufficient number of animals, (Calus et al., 2014). The 60 Duroc males we chose for sequencing were key ancestors and jointly captured the maximum proportion of genetic variation present among the PBs. This is most likely reason that we achieved relatively high average imputation accuracies (average across all chromosomes and across all MAF) for both CBs (0.80) and PBs (0.90) (Table 3). Moreover, for low MAF SNPs (≤0.05), the average imputation accuracy ranged from 0.35 (when MAF was 0.01) to 0.65 (when MAF was 0.05) in CBs, and ranged from 0.5 to 0.9 in PBs, when MAF was 0.01 and 0.05 respectively (Figure 2). Even though the panel density of PBs is lower than CBs (50K versus 61K), PBs imputation accuracies are higher, which is likely due to the larger genetic relationships between the 60 reference sequenced pigs and the female PBs in the validation, as both population are Duroc and results in sharing more and longer haplotypes between the two populations (Hickey et al., 2011), while the CB population include the three-way cross between Duroc boars and Landrace-Yorkshire sows, and therefore, there is lower genetic relationship between the 60 Duroc boars and the CB population. Several studies have investigated the imputation of low MAF SNPs when imputing to the WGS in different species such as dairy cattle (van Binsbergen., 2017), beef cattle (Froberg Brøndum et al., 2014), pigs (Yan et al., 2017; Bouwman et al., 2018; Ros-Freixedes et al., 2019), sheep (Bolormaa et al., 2019), and found a poor imputation accuracy for low MAF SNPs. For example, Ros-Freixedes et al. (2019) reported imputation accuracy of 0.79 for MAF between 0.005 and 0.028 (n = 2,111), and 0.93 for MAF above 0.028 (n = 25,968) with simulated data, and for accuracy ranging from 0.51 (n = 11,312) for MAF <0.001 to 0.93 (n = 89,701) for MAF ≥0.028 in pigs. Even though Ros-Freixedes et al. (2019) used a much larger reference population compared to the 60 individuals in our study, our imputation accuracy from PBs for low MAF SNPs are similar to the values reported by them. Also, Bouwman et al. (2018) used three different imputation programs, and found imputation accuracy ranging from 0.5 to ∼0.83 for SNPs with MAF lower than 0.05, when 168 sequenced pigs were used for imputation. Our imputation accuracy for low MAF SNPs from CBs are within the range reported by Bouwman et al. (2018) (0.35–0.65). Of note is that our measure of imputation accuracy is allelic DR2, which is reliability, whereas the measure reported by Bouwman et al. (2018) and Ros-Freixedes et al. (2019) is the correlation between the true genotypes and imputed dosages. Meaning that with conversion of the allelic DR2 to correlations, our imputation accuracy becomes even higher (r = 0.59 to 0.81 for CBs and r = 0.71 to 0.94 for PBs). This suggests that the overall performance of Beagle V5.0 for imputation of low MAF SNPs was good, even with a small reference population size and small genetic relationship between the CBs and PBs. However, to be more certain about the performance of Beagle V5.0 compared with other imputation programs, we compared imputation accuracies from Beagle V5.0 and FImpute in a leave-one-out cross validation approach (Supplementary Figure S3). The average animal-specific imputation accuracy across 55 pigs was slightly higher for Beagle (0.94) than FImpute (0.91).
Increasing the size of the reference population was more beneficial for imputing rare SNPs compared with more common SNPs for both imputation to the WGS in cattle (van Binsbergen et al., 2014), and imputation from low-to medium-density SNP panel (60K) in layer chickens (Heidaritabar et al., 2015). This is because with a larger reference population, the probability that multiple copies of alleles are present for correct haplotype construction increases and this in turn increases the quality of imputation of low-frequency SNPs. For dairy cattle, it was proposed to sequence not more than 500 individuals, as more than this number only slightly improved the accuracy of imputation accuracy. However, it is generally hard to determine exactly how many more sequenced individuals are required as the reference, and which level of genetic relationship to the validation population is required for minimizing the imputation error rate (Meuwissen et al., 2013). Based on our results, it seems that the low number of sequenced animals, when carefully selected, is only a limiting factor for imputation of low MAF SNPs, as we still obtained reasonable imputation reliabilities for high MAF SNPs. In our analyses, we excluded many of those low MAF SNPs (∼20%) with low accuracy of imputation (Supplementary Figure S2), meaning that some of the causative mutations contributing to the genetic variation of a complex trait may have been removed during the filtration of MAF. If enlarging the reference population is not possible due to high costs of sequencing, an alternative to retaining the low MAF SNPs (potential causative mutations) is to use dosage scores instead of genotypes for downstream analyses such as GWAS, or genomic predictions. Van den Berg et al. (2019) compared the GWAS results of using genotypes with those of dosage scores and found an improvement of QTL detection (56.7 and 26.9% additional QTL regions for their two studied lines), because dosage scores coded as any real value between 0 and 2 accounted for uncertainty of imputation, and therefore all SNPs were used in their analysis. They also found that the most significant SNPs in the QTL regions explained more of the phenotypic variance when using dosage scores compared to using genotypes (Van den Berg et al., 2019).
Genome-wide association studies using purebred pigs, crossbred pigs and Combined dataset
We did a GWAS for 18 pork color traits in CBs, PBs, and combined data using both SNP panel arrays and WGS and investigated whether the WGS can improve the power of GWAS compared to the medium-density SNP panels. Of the 18 pork colors, using different datasets, we did not detect any associated regions for most traits, regardless of panel density (see Results). The QTL regions were identified (with FDR of 0.1) only for a few traits including TMCOLA and GMCOLB (CBs), FMCOLB, FMCOLL, and ICOLB (PBs) and FMCOLA, FMCOLB, GMCOLB, and ICOLB (Combined dataset). Generally, we identified more QTL regions with WGS (n = 58) compared with medium-density SNP panels (n = 22). Most of the identified QTL regions with all genotype densities were also reported in other GWAS studies that used the same color traits (Zhang et al., 2015; Yang et al., 2017). The most significant QTL region reported by Zhang et al. (2015) was located on SSC15 spanning 133–134 Mb which explained 3.51%–17.06% of genetic variance for five measurements of pH and some color traits (Minolta color A* and B* for fresh ham and color B* measured on thawed loin muscle). This region is very close to previously reported gene PRKAG3 controlling both meat pH and color in pigs. Our results are consistent with results of Zhang et al. (2015) and Yang et al. (2017), as this region6 on SSC15 was identified by both densities and the three datasets. In the present study, for both WGS and medium-density panels and for most traits, most of the significant SNPs were on SSC15 at 119.57 and 122.50 Mb for WGS and at 119.56 and 123.56 for medium-density SNP panel (see Results). The percentage of phenotypic variance explained by the most significant SNP on SSC15 for different pork color traits and different density panels are shown in Table 10. It should be noted that in the present study, the percentage of variance explained is not cumulative, because variants were tested one at a time (See model 2) in Materials and Methods). Thus, the estimated SNP effects of surrounding variants were not independent due to LD. For all traits where the genomic region on SSC15 was significant, the variance explained by the most significant SNP was higher for WGS compared with medium density panels. The added value of WGS for improving the power of GWAS (with respect to the number of identified QTL) have been shown in several species including dairy cattle (Daetwyler et al., 2014; van den Berg et al., 2019), beef cattle (Zhang et al., 2015; Wang et al., 2020), pig (Yan et al., 2017), human (The 1000 Genomes Project Consortium. 2010; Höglund et al., 2019), and tomato (Van Binsbergen et al., 2014). A general speculation for more power of GWAS in denser genome coverage with (WGS) is the presence of causative SNPs and SNPs with higher LD within the data, which improves the power for identification of SNPs with small effects.
TABLE 10 | Percentage of phenotypic variance explained by the most significant SNP on SSC15 for the pork color traits at different panel densities and different populations.
[image: Table 10]When the combined dataset was used for GWAS, many more QTL regions (11 for medium-density panels and 37 for WGS) were identified, suggesting that the added value of WGS was more for detecting novel regions compared with medium-density SNP panels in larger samples. This could be because with the larger sample size, the effect of causative mutations on polygenic quantitative traits might be estimated more accurately. Also, for the Combined dataset, we filtered the imputed genotypes based on the allelic DR2, meaning that some of the imputed SNPs excluded in CBs analyses (3,016,352 SNPs) due to imputation accuracy less than 0.8 were included in the Combined dataset GWAS analysis, and yet the power of GWAS improved. This shows that the imputation error rate is not really a limiting factor for GWAS. Similar results are shown by Van Binsbergen et al. (2014) where they found that despite their relatively low imputation accuracy (average correlation of 0.34 between true genotypes and allele dosage) in tomato WGS data, the power of a GWAS can still be improved. They reported that more significant SNPs (>65 SNPs in 9 regions) were found in the GWAS using the imputed WGS compared to using the low-density SNP arrays (no significant SNPs). They argued that as long as the squared imputation accuracy (allelic DR2 in our study) is higher than the expected LD between the SNPs on the lower density panel (50K and 61K in our study) and the SNPs in the WGS data, imputation is advantageous, as more information is still added by imputation (Van Binsbergen et al., 2014). Average LD between the imputed sequenced SNPs located within 2 Mb windows and shorter (on SSC1) was 0.31 and 0.40 for CBs and PBs, respectively, which is lower than the average squared imputation accuracy, which is 0.91 and 0.97 for the corresponding populations (see Table 3). This may explain why the imputed sequence data improved the QTL detection through a GWAS. Moreover, van den Berg et al. (2019) found that although their imputation from 80K to 660K to WGS in pig populations resulted in poor imputation accuracy (Beagle allelic DR2 in their study ranged from 0.39 to 0.49 and from 0.83 to 0.93, before and after variant filtrations), they still found that using imputed WGS instead of a lower density SNP panel increased the number of detected QTL (48.9 and 64.4% more for their different lines) and the estimated proportion of phenotypic variance explained by these QTL (van den Berg et al., 2019). Also, Heidaritabar et al. (2015) found that the average allelic DR2 (before quality control) from the 60K SNP panel to WGS imputation in layers was 0.64, but they still observed an increase of prediction accuracy of 1% using WGS compared with 60K for number of eggs. All these results show that most likely the accuracy of the imputed genotypes is not a limiting factor for GWAS and genomic predictions.
Functional analyses
We detected several candidate genes for the color traits in CBs, PBs and Combined dataset. For most color traits, a region spanning from 119.5 to 123.5 Mb on SSC15 was consistently detected. Some of the genes located on this region including: ciliogenesis-associated TTC17-interacting protein (CATIP), villin-1 (VIL1), protein kinase AMP-activated non-catalytic subunit gamma 3 (PRKAG3), tubulin tyrosine ligase like 4 (TTLL4), ubiquitin specific peptidase 37 (USP37), CTD small phosphatase 1 (CTDSP1) and solute carrier family 11 member 1 (SLC11A1) were consistently detected for all color traits reported here, hence they were considered the best candidates’ genes in the QTL region for the color traits. Genes such as VIL1, PRKAG3, TTLL4, and SLC11A1, USP37 have been previously reported to be associated with meat quality, pH and color (Ciobanu et al., 2001; Uimari and Sironen, 2014; Zhang et al., 2015; Verardo et al., 2017). Although CTDSP1 gene has not been previously associated with meat color traits in pigs, it has been found to be associated with meat color Minolta L* traits in Nellore cattle (Marin-Garzon et al., 2021). The genes reported in this study are involved in actin filament organization, regulation of protein phosphorylation processes, proteolysis, and intracellular transduction. There is evidence in the literature that meat color stability is inversely related to the phosphorylation of sarcoplasmic proteins such as myoglobin (Mato et al., 2019; Li et al., 2021). Meat color is determined by myoglobin concentration as well as the relative content of oxymyoglobin, deoxymyoglobin and metmyoglobin (Zhang et al., 2015; Li et al., 2021). Studies have shown that myoglobin phosphorylation may lead to changes in its secondary structure, therefore reducing myoglobin stability and increasing its autoxidation rate, which further accelerated the accumulation of metmyoglobin (Zhang et al., 2015). Further exploration of these genes and protein phosphorylation pathway will improve our understanding on genetic factors affecting meat quality hence leading to strategies to improve color in pork.
CONCLUSION
Use of purebred and crossbred populations genotyped by medium-density panels resulted in relatively high imputation accuracy (0.97 for purebreds and 0.91 for crossbreds after variants quality control) to WGS. Additional QTL regions were detected when using the WGS data compared with a medium-density SNP panels. The performance of WGS relative to the medium-density panels is best when the sample size is the largest (combining cross- and purebreds), suggesting that sample size is a limiting factor to capitalize on the added value of WGS in a GWAS.
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Supplementary Figure S1 | Multidimensional scaling result for assessing the structure of the population.
Supplementary Figure S2 | (A) Minor allele frequency (MAF) distribution in the 61K SNP panel of CBs and 50K SNP panels of PBs, and sequence Duroc purebred males. (B) Minor allele frequency (MAF) distribution of sequence data (11,946,148 SNPs) after MAF filtration with cut-off threshold = 0.025.
Supplementary Figure S3 | Animal-specific imputation accuracy for the 55 sequenced animals, using leave-one-out cross-validation approach.
Supplementary Figure S4 | Comparison of imputation accuracy (Beagle allelic DR2) in one-step (50k to WGS) and two-step imputation approach before any filtration (A) and after filtering Beagle allelic DR2 > 0.8 (B).
Supplementary Figure S5 | Gene network constructed based on the candidate and/or nearest genes to the significant SNPs on SSC15 for ICOLB in PBs. Functionally grouped network with terms as nodes are linked based on their kappa score level (0.4).
FOOTNOTES
1Only our CB animals with 61K single nucleotide polymorphisms (SNP) panel were used by Zhang et al. (2015) and Yang et al. (2017). Both authors used the same pork color traits as in the present study.
2The number of phenotypes vary per trait, ranging from 941 to 954 (See Methods).
3The number of phenotypes vary per trait, ranging from 873 to 891.
4When we mentioned a medium-density SNP panel throughout the manuscript, we meant 61K and 50K SNP panels.
5Through the manuscript, we call the combination of CBs and PBs as Combined dataset.
6Zhang et al. (2015) and Yang et al. (2014) used the Sscrofa 10.2, while we used Sscrofa 11.1. The region 133–134 Mb on SSC15 on Sscrofa 10.2 is the same region on 120–121 Mb on Sscrofa 11.1.
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Cryopreservation process alters the expression of genes involved in pathways associated with the fertility of bull spermatozoa
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In bovines, cryopreserved semen is used for artificial insemination; however, the fertility of cryopreserved semen is far lower than that of fresh semen. Although cryopreservation alters sperm phenotypic characteristics, its effect on sperm molecular health is not thoroughly understood. The present study applied next-generation sequencing to investigate the effect of cryopreservation on the sperm transcriptomic composition of bull spermatozoa. While freshly ejaculated bull spermatozoa showed 14,280 transcripts, cryopreserved spermatozoa showed only 12,375 transcripts. Comparative analysis revealed that 241 genes were upregulated, 662 genes were downregulated, and 215 genes showed neutral expression in cryopreserved spermatozoa compared to fresh spermatozoa. Gene ontology analysis indicated that the dysregulated transcripts were involved in nucleic acid binding, transcription-specific activity, and protein kinase binding involving protein autophosphorylation, ventricular septum morphogenesis, and organ development. Moreover, the dysregulated genes in cryopreserved spermatozoa were involved in pathways associated with glycogen metabolism, MAPK signalling, embryonic organ morphogenesis, ectodermal placode formation, and regulation of protein auto-phosphorylation. These findings suggest that the cryopreservation process induced alterations in the abundance of sperm transcripts related to potential fertility-associated functions and pathways, which might partly explain the reduced fertility observed with cryopreserved bull spermatozoa.
Keywords: cryopreservation, spermatozoa, pathways, transcripts, fertility, bovine
INTRODUCTION
Artificial insemination using cryopreserved semen is widely and routinely practiced for the genetic improvement of livestock. Ultralow freezing allows the preservation of semen for several years, which can be used later for artificial breeding (Barbas and Mascarenhas, 2009). Although the cryopreservation of sperm is an important process in assisted reproduction technologies, the fertility of cryopreserved spermatozoa is reportedly not as good as fresh spermatozoa (Watson, 1995; Bailey et al., 2000; Kadirvel et al., 2009). Several reasons are attributed to the decreased fertility of cryopreserved semen, primarily damage that occurs in spermatozoa during cryopreservation (cryodamage), which alters its fertilising potential (Cormier et al., 1997; Watson, 2000; Yeste, 2016). The process of cryopreservation results in the death of almost 50% of spermatozoa, while the remaining sperm population shows altered functional competencies (Kumaresan et al., 2011; Kumaresan et al., 2012; Singh et al., 2016; Kumaresan et al., 2017; Saraf et al., 2019; Rather et al., 2020; Vignesh et al., 2020; Nag et al., 2021), which might be linked to the reduced fertility of cryopreserved semen. However, the fertility of cryopreserved semen subjected to sperm selection methods (for the selection of viable, active, and phenotypically normal spermatozoa) was also not as good as that of fresh semen, although some improvement in fertility was observed (Said and Land, 2011; Marzano et al., 2020). Therefore, besides cryopreservation-induced sperm structural and functional alterations, other inherent factors in spermatozoa might also be altered during cryopreservation as cryopreserved spermatozoa with normal phenotypic characteristics also show altered fertilising potential compared to fresh spermatozoa (Kadirvel et al., 2009; Elango et al., 2021). Therefore, the assessment of the molecular alterations induced by the process of cryopreservation is essential for understanding the decreased fertility associated with cryopreserved semen.
Sperm was previously believed to deliver only the paternal DNA to the oocyte after fertilisation. However, several recent studies have demonstrated the role of sperm transcripts in male fertility (Paul et al., 2020; Prakash et al., 2021; Saraf et al., 2021) and subsequent embryonic development (Zhang et al., 2018). After fertilisation, spermatozoal mRNAs are transferred to the oocyte and play important roles in embryonic development, morphogenesis, and implantation (Ostermeier et al., 2004). Bull spermatozoa harbours a repertoire of transcripts (Prakash et al., 2021) that vary with semen quality and fertility (Karuthadurai et al., 2022). Earlier studies reported different transcriptomic profiles between epididymal and ejaculated spermatozoa, and also among different seasons (AL-Sahaf, 2012), indicating the influence of the micro-environment on sperm transcripts. Any changes in the transcript content of the sperm affect sperm properties such as motility, DNA intactness, and acrosome integrity (Bissonnette et al., 2009).
Although structural damage to sperm during cryopreservation has been studied extensively, the molecular alterations induced by the process of cryopreservation are not well documented. We hypothesised that the transcriptomic composition of sperm could be influenced by the process of cryopreservation, which might be associated with the reduced fertility of cryopreserved semen. Therefore, in the present study, we assessed the global transcriptomic composition of spermatozoa immediately after ejaculation and after cryopreservation using next-generation sequencing. We compared the transcriptomic profile of fresh spermatozoa to that of cryopreserved spermatozoa and identified common and dysregulated transcripts. Using functional annotation of these genes, we report the alterations in sperm transcripts and important pathways associated with fertility, which were induced by the cryopreservation process.
MATERIALS AND METHODS
Ethical approval statement
The current study was carried out at the Theriogenology Laboratory of the Southern Regional Station of ICAR-National Dairy Research Institute, Bengaluru, Karnataka. All the experiments and procedures performed in this study were approved by the Animal Ethical Committee of the institute (CPCSEA/IAEC/LA/SRS-ICAR-NDRI-2019/No.04).
Experimental bulls and sample preparation
This investigation was conducted on Holstein-Friesian crossbred bulls (n = 6; age 4–6 years). All experimental bulls had passed breeding soundness evaluations and were routinely used for artificial breeding. Ejaculates were collected using an artificial vagina; after preliminary evaluation, only ejaculates with minimum sperm concentrations of 600 million/ml, +3.0 mass activity (0–5 scale), ≥70% progressive individual motility, and <20% sperm abnormalities were utilised for further processing. The ejaculates were divided into two aliquots; one aliquot was used fresh while the other aliquot was subjected to cryopreservation as per the standard procedure. Briefly, the ejaculates were diluted using pre-warmed (34°C) Tris-egg yolk glycerol extender (20% egg yolk and 7% glycerol fractions) and then further processed for cryopreservation. The diluted semen was then filled and sealed in 0.25 ml mini straws (20 × 106 sperm per dose) using an automatic filling and sealing machine. The straws were then equilibrated in a cold handling cabinet (IMV Technologies, France) for 4 h at 4°C. Post-equilibration, the doses were loaded into a programmable Biofreezer (Digitcool, IMV Technologies, France) for cryopreservation as per standard protocol. After reaching −140°C, the straws were directly plunged into liquid nitrogen. After cryopreservation, the frozen semen was thawed at 37°C for 30 s and used for further processing. Ejaculates from three bulls were pooled to obtain one representative sample. Therefore, we obtained two representative samples from six bulls for each condition (fresh and cryopreserved), which were individually subjected to transcriptomic analysis.
RNA extraction and synthesis of cDNA
Discontinuous Percoll gradients (90–45%) were used to fractionate pure sperm by eliminating epithelial cells and seminal plasma. The method described by Parthipan et al. (2015), with minor modifications was used for the extraction of total sperm RNA from fresh and cryopreserved samples using TRIzol (Ambion, Thermo Fisher Scientific, United States). The RNA was quantified using Nanodrop (ND-1000, Thermo-scientific, United States). For cDNA library preparation, RNA samples with 260/280 ratios of 1.85–2.0 were used. An initial concentration of 50–100 ng of RNA was used for cDNA synthesis using the RevertAid First Strand cDNA Synthesis Kit (Thermo Fisher Scientific, United States). The synthesised cDNA was stored at −20°C until further use.
Transcriptomics library preparation
Total RNA (1 μg) enriched for mRNA using the NEB Magnetic mRNA Isolation Kit (Illumina, United States). RNA library preparation was performed using the NEB Ultra II RNA library prep kit (Illumina, United States) and sequencing (paired-end technology) was performed on an Illumina NextSeq 500 instrument (Illumina, United States. The enriched mRNA was fragmented to 200 bp using fragmentation buffer. Complementary RNA sequence hybridisation was performed by adding random hexamer primers. Reverse transcriptase enzyme and dNTPs were used for synthesising the first strand of cDNA from fragments. DNA polymerase I and RNase H were used to convert the single-strand cDNA into double-stranded cDNA, which was purified using 1.8x AMPure beads. Adaptor-ligated cDNA was purified using AMPure beads and was enriched with specific primers for sequencing on the Illumina platforms.
RNA sequencing and data analysis
The Galaxy online server tool was used to analyse the sequences. The quality of the raw generated data was checked using the Fast QC program with a Phred quality score cut-off of Q30. The Cutadapt tool was used to remove adaptor sequences from the FASTQ files. HISAT2 (version2.1) was used to align the sequences to the reference genome. The samples were aligned to the reference genome of Bos taurus (version UCD 3.1.94). Cufflinks (version—2.2.1.2) was used to identify and estimate the abundance of the transcripts. After normalisation, the transcript expression levels were calculated as FPKM (fragments per kilobase of transcript per million mapped reads). Full-length transcript analysis was performed using the depth of coverage program version-0.0.2 in GATK.
Functional annotation and Gene Ontology analysis
Functional annotation and gene ontology (GO) analysis were performed using the Database for Annotation, Visualization, and Integrated Discovery (DAVID) Bioinformatics Resources (v6.8) (https://david.ncifcrf.gov/). Molecular Function (MF), Biological Process (BP), cellular components (CC), and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analyses were performed to identify the genes with variations. For network analysis, genes related to sperm quality were selected from MF, BP, CC, and KEGG. ClueGo (Version 2.5.4) plugins in the open-source Cytoscape software (version 3.7.1) (Cluego.org) were used to identify the interactions of novel genes and their associated pathways.
Statistical analysis
DAVID was used to perform functional enrichment analysis of the Gene Ontology categories and KEGG pathway elements. The EASE score was calculated using the Fisher’s exact p-value based on the input list of genes and genes participating in a certain pathway, resulting in a strongly enriched word. A p-value threshold of 0.01 was used to determine the EASE score cut-off. After enrichment analysis, terms with p-values <0.01 were identified as enriched terms. Thus, the lower the p-value, the more enriched the phrase. At least two genes were required for the examination of connection. The corrected p-values obtained after adjustments using the Benjamini and Bonferroni tests were defined as the false discovery rate (FDR). The processed reads were mapped to the reference genome for analysis of the raw transcriptomic data. The number of reads mapped to the exonic region indicated the gene expression. The read counts were used by DESeq to determine the differential expression based on the number of mapped reads. DESeq was used to create size factors (using the size factors function) and fit the data with a negative binomial distribution (using the nbinom test function) to compare the control (fresh) and treated (cryopreserved) groups and return log2-fold changes and significant p-values.
RESULTS
Differentially regulated transcripts
The primary analysis of fresh and cryopreserved spermatozoa resulted in 14,280 and 12,375 transcripts, respectively (Supplementary File S1 and Supplementary Figure S1) indicating that the process of cryopreservation altered the sperm transcriptomic profile. After normalisation of the read counts, a total of 1118 genes were common between fresh and cryopreserved spermatozoa. In cryopreserved spermatozoa, 241 genes were upregulated, 662 genes were downregulated, and 215 genes were neutral (neither up- regulated nor downregulated) in expression compared to fresh spermatozoa (Figure 1). The genes that were upregulated or downregulated based on log2 fold-change values are shown in a volcano plot (Figure 2). A heat map of the top 20 upregulated and top 20 downregulated genes in the cryopreserved sample (Figure 3) showed the genes with highly dysregulated expression. C11H9orf50, ARL2BP, and HSPB1 were the most downregulated, while RPRD2, ENSBTAG00000030892, and ENSBTAG00000030838 were the most upregulated in cryopreserved spermatozoa.
[image: Figure 1]FIGURE 1 | Venn diagram of the transcriptomic compositions of fresh and cryopreserved bull spermatozoa.
[image: Figure 2]FIGURE 2 | Volcano plot representing the gene log-fold changes and p-value. Green dots: significantly differentially expressed genes.
[image: Figure 3]FIGURE 3 | Heat map representing the top 20 upregulated (green) and top 20 downregulated (red and yellow) genes in cryopreserved spermatozoa compared to fresh spermatozoa.
Gene Ontology
The dysregulated genes were selected for Gene Ontology (GO) analysis based on a log2 fold-change cut-off of ±1. These dysregulated genes were then subjected to DAVID analysis to annotate GO terms including molecular function (MF), biological process (BP), and cellular components (CC). A total of 54 upregulated and 411 downregulated genes were annotated for GO analysis. From these, the top MF, BP, and CC for upregulated and downregulated genes (Figures 4A,B) (Supplementary File S2) were selected based on the counts of genes involved in each GO term. The important upregulated genes in the cryopreserved spermatozoa were involved in specific DNA binding, nucleic acid binding, transcription-specific activity, protein kinase binding, core promotor sequence-specific DNA binding, and inward rectifier potassium channel activity. These were mostly localised in the nucleus, cytosol, and potassium channel complex and were involved in biological processes such as the regulation of transcription from the RNA polymerase II promotor, the regulation of neuronal differentiation, the positive regulation of protein autophosphorylation, ventricular septum morphogenesis, organ development, Rap protein signal transduction, neuroblast proliferation, and negative regulation of myeloid cell differentiation. The downregulated genes were involved in poly(A) RNA binding, structural constituents of ribosomes, DNA binding, protein binding, RNA binding, ubiquitin protein ligase binding, and nucleotide binding.
[image: Figure 4]FIGURE 4 | Gene Ontology chart of differentially expressed genes between fresh and cryopreserved spermatozoa. All three components (molecular function, biological process, and cellular functions) are represented in the donut chart. (A) Upregulated genes. (B) Downregulated genes.
KEGG pathway and network analysis
KEGG pathway enrichment analysis of the downregulated genes (Supplementary File S3) in cryopreserved spermatozoa revealed the involvement of genes in important pathways related to ribosomes (50 genes), Huntington’s disease (17 genes), thermogenesis (16 genes), spliceosomes (16 genes), and endocytosis (16 genes). KEGG pathway enrichment analysis of the upregulated genes (Supplementary File S3) in cryopreserved spermatozoa revealed the involvement of genes in pathways related to the neurotrophin signalling pathway (4 genes), transcriptional misregulation in cancer (4 genes), and neuroactive ligand-receptor interaction (5 genes). A network analysis of GO terms and KEGG pathways for upregulated and downregulated genes related to fertility was also performed. The network analysis of downregulated (Figure 5) genes in cryopreserved spermatozoa showed their involvement in pathways such as glycogen metabolism, the MAPK signalling pathway, fluid shear and stress atherosclerosis, cytoskeletal protein binding, the oestrogen signalling pathway, amphetamine addiction, transcription factor binding, Huntington’s disease, ubiquitin protein ligase binding, translation factor activity RNA binding, mRNA binding, transcription regulation region sequence-specific DNA binding, RNA polymerase II core promoter sequence-specific DNA binding, oxidoreductase activity, and glycolysis/gluconeogenesis. The network analysis of upregulated (Figure 6) genes in cryopreserved spermatozoa showed their involvement in pathways such as embryonic organ morphogenesis, ectodermal placode formation, regulation of protein auto-phosphorylation, and death receptor binding (Supplementary File S4).
[image: Figure 5]FIGURE 5 | Network analysis of all downregulated genes in the cryopreserved samples. MAPK signalling pathway, fluid shear and stress atherosclerosis, cytoskeletal protein binding, and the oestrogen signalling pathway are mapped.
[image: Figure 6]FIGURE 6 | Network analysis of all upregulated genes in the cryopreserved samples. Embryonic organ morphogenesis, ectodermal placode formation, regulation of protein auto-phosphorylation, and death receptor binding are mapped.
DISCUSSION
The process of cryopreservation alters sperm phenome and functions, which affect the quality and fertility of spermatozoa. Recent studies have shown that sperm transcripts are associated with sperm quality and fertility, as well as embryonic development (Zhang et al., 2018; Paul et al., 2020; Prakash et al., 2021). Since the process of cryopreservation alters sperm structure, this process may also affect the transcriptomic composition of sperm. The results of the present study demonstrated the significant alterations in the transcriptomic composition of bull sperm by the process of cryopreservation, which might explain the reduced fertility of cryopreserved semen.
The mature spermatozoal RNA undergoes certain cellular modifications during spermiogenesis. The required mRNAs are then packed in spermatozoa before it reaches the transcriptionally nascent stage in the epididymis (Grunewald et al., 2005; Vijayalakshmy et al., 2018; Paul et al., 2020) for delivery to the oocyte after fertilisation. We observed highly downregulated expression of C11H9orf50, ARL2BP, and HSPB1 and highly upregulated expression of RPRD2, ENSBTAG00000030892, and ENSBTAG00000030838 in cryopreserved spermatozoa. ARL2BP is required for ciliary microtubule structure. A mouse ARL2BP knockout showed structural impairments such as abnormal head and misassembled tail of sperm (Moye et al., 2019). HSBP1 is responsible for organising the muscle cytoskeleton. HSBP1 (also known as HSP27) is important for muscle formation. A mouse HSBP1 knockout showed destructured myofibrils and increased gaps between myofibrils (Kammoun et al., 2016). RPRD2 is an RNA polymerase II interacting protein that co-purifies with RPRD1A, RPRD1B, and RPRD2 and contains serine and proline-rich regions (Ni et al., 2011). The proline-rich domains function as docking sites for signalling protein modules and play important roles in protein-protein interactions (Chin et al., 1997; Elias et al., 2020). The overexpression of this gene might alter transcription, thus hampering protein interactions.
The results of the network analysis showed downregulation of cGMP/PKG signalling, which is responsible for sperm capacitation through Ca2+ and tyrosine phosphorylation in the presence of C-type natriuretic peptide (CNP) (Wu et al., 2019). CNP, which is localised in the acrosomal region of the sperm head and tail, has a dose-dependent role in acrosome reaction and motility (Xia et al., 2016). CNP might be affected by the process of cryopreservation, as fast freezing increases the ice-liquid interface with protein molecules, thereby increasing protein damage (Cao et al., 2003), which in turn affects sperm motility and acrosome reaction. The MAPK signalling pathway is involved in sperm development and function through spermatogenesis and fertilising potential. In mature spermatozoa, the MAPK signalling pathway plays an important role in acrosome reaction, hyperactivation, and motility (Almog and Naor, 2010; Ebenezer Samuel King et al., 2022). We also observed the downregulation of cytoskeletal protein binding pathways in the cryopreserved sample. These pathways are linked to tubulin binding. Actin, along with the cytoskeletal protein tubulin, is involved in the regulation of sperm motility, capacitation, and acrosome reaction (Salvolini et al., 2013). In normal spermatogenesis, oestrogen signalling through ESR1 is essential. Human spermatozoa contain functional aromatase, which is expressed even after ejaculation. Aromatase, in the presence of oestrogen receptor, has functions including sperm mobility and fertilising ability (Carreau et al., 2011; Cooke and Walker, 2022). The ubiquitin ligase complex, which is required for caspase regulation, was also downregulated in cryopreserved spermatozoa. Caspase is an important protease required for apoptosis. The activation of caspase during sperm differentiation is regulated by the ubiquitin ligase complex (Arama et al., 2007). mRNA binding proteins are needed for the differentiation of spermatids into spermatozoa by modulating the expression of specific mRNAs (Wishart and Dixon, 2002). All the pathways important for spermatozoa function, especially motility, capacitation, and acrosome reaction, were downregulated in the cryopreserved spermatozoa in the present study.
Genes involved in the embryo organ morphogenesis pathway were upregulated in cryopreserved spermatozoa. This pathway is required for tissue and organ development to perform special functions during the embryonic stage. Among these, SPRY2 is required for the normal development of genitalia; TSHZ1 is required for the development of the soft palate, middle ear, and axial skeleton; and SATB2 codes for the jaw development (Britanova et al., 2006; Coré et al., 2007; Ching et al., 2014). The overexpression of these genes might lead to abnormal embryo development. PRICKLE 1 is involved in ectodermal placode formation and also plays a role in nervous system development and nerve cell movement. A polymorphism in PRICKLE 1 reportedly affected acrosome integrity and DNA quality in cryopreserved spermatozoa (Mańkowska et al., 2020). The regulation of protein autophosphorylation, one of the upregulated pathways in cryopreserved spermatozoa, is involved in the positive regulation of protein autophosphorylation. RAP2B in protein autophosphorylation codes for miR-205; miR-205 overexpression inhibits the PI3K/AKT signalling pathway (Cui et al., 2020). Earlier studies also showed that cryopreservation suppressed the expression of important pathways and genes in sperm, causing DNA fragmentation and morphological deformation (Hossen et al., 2021). Moreover, sperm stored in liquid nitrogen for longer times showed significantly increased abnormalities (Malik et al., 2015). A study in zebrafish showed that cryopreservation was the major cause of genetic and epigenetic changes in germ cells (Riesco and Robles, 2013). Our findings demonstrated the alteration of the transcriptional abundances of genes involved in important pathways in sperm function and fertility by the process of cryopreservation. These findings open new avenues for targeted studies on individual pathways and the development of ameliorative measures to minimise the effect of cryopreservation on the molecular health of sperm.
CONCLUSION
In conclusion, the transcriptional abundances of many genes were altered in cryopreserved spermatozoa, leading to changes in pathways important for sperm function and fertility. Earlier studies also indicated that the cryopreservation process altered the sperm expression levels of genes crucial for fertilisation and early embryo development (Valcarce et al., 2013), consistent with our observations. The cryopreservation process induced alterations in the abundance of sperm transcripts and potential fertility-associated pathways, including glycogen metabolism, cGMP/PKG signalling, MAPK signalling, and the ubiquitin ligase complex, which could be a possible explanation for the reduced fertility observed in cryopreserved bull spermatozoa.
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Sparidentex hasta (Valenciennes, 1830) of the Sparidae family, is an economically important fish species. However, the genomic studies on S. hasta are limited due to the absence of its complete genome. The goal of the current study was to sequence, assemble, and annotate the genome of S. hasta that will fuel further research related to this seabream. The assembled draft genome of S. hasta was 686 Mb with an N50 of 80 Kb. The draft genome contained approximately 22% repeats, and 41,201 genes coding for 44,555 transcripts. Furthermore, the assessment of the assembly completeness was estimated based on the detection of ∼93% BUSCOs at the protein level and alignment of >99% of the filtered reads to the assembled genome. Around 68% of the predicted proteins (n = 30,545) had significant BLAST matches, and 30,473 and 13,244 sequences were mapped to Gene Ontology annotations and different enzyme classes, respectively. The comparative genomics analysis indicated S. hasta to be closely related to Acanthopagrus latus. The current assembly provides a solid foundation for future population and conservation studies of S. hasta as well as for investigations of environmental adaptation in Sparidae family of fishes. Value of the Data: This draft genome of S. hasta would be very applicable for molecular characterization, gene expression studies, and to address various problems associated with pathogen-associated immune response, climate adaptability, and comparative genomics. The accessibility of the draft genome sequence would be useful in understanding the pathways and functions at the molecular level, which may further help in improving the economic value and their conservation.
Keywords: draft genome, fisheries and aquaculture, food security, Kuwait, assembly and annotation
INTRODUCTION
Sobaity seabream, Sparidentex hasta (Valenciennes, 1830) belongs to the Sparidae family, which comprises 35 genera, 132 species, and 10 subspecies (de la Herran et al., 2001). The species has a wide geographic distribution extending from the Arabian Gulf to the sea of Oman and the western Indian Ocean, and the Indian coasts (Carpenter et al., 1997). S. hasta is recognized as one of the most promising species for aquaculture, because of its good adaptation to captivity, rapid growth, and high market price. Further, it is of high economic significance in Kuwait and the Arabian Gulf regions.
The anthropogenic and fishing activities around the coastal regions are affecting marine fauna including the population of many commercially important fish species (Bukola et al., 2015). However, genomics and molecular biology research on Sobaity seabream is limited due to the absence of its complete genome sequence. The DNA barcoding of several commercial seabreams including S. hasta was reported (Al-Zaidan et al., 2021). Most of the other studies on S. hasta are focused on the dietary effects of different feed combinations on S. hasta (Hossain et al., 2017; Yaghoubi et al., 2018; Hekmatpour et al., 2019). Furthermore, a study on the response of S. hasta larvae to the toxicity of dispersed and undispersed crude oil was reported (Karam et al., 2021).
There is an increasing demand for fish in Kuwait as fisheries only fulfill about 30% of local fish demand, as the other 70% is met through imports. However, there is a global decline in fisheries (Hossain et al., 2017) and to compensate for this decline and to assure future food security in Kuwait, aquaculture technologies were developed for S. hasta to fulfill the demands of the local market (Teng et al., 1987; Abdullah et al., 1989). Sobaity was chosen to be the first candidate species for commercial production in Kuwait because of its survival capability and tolerance in captivity (Al-Abdul-Elah et al., 2010; Torfi Mozanzadeh et al., 2017) and it is the second most favorable commercial seabream species in Kuwait after the yellowfin seabream (Acanthopagrus latus) (Al-Zaidan et al., 2021). The selection of Sobaity for aquaculture in the early 80’s was primarily attributed to its ability to spawn in captivity, its tolerance to different culture conditions, and its fast growth rate (Yousif et al., 2003). S. hasta can exercise a wide range of tolerance to changes in water quality parameters such as dissolved oxygen, temperature, pH, and salinity which are reflective of natural ambient conditions. However, extreme and abrupt changes in those environmental parameters can result in the deteriorating health of juvenile Sobaity in culture tanks (European Food Safety Authority, 2008; Zainal and Altuama, 2020).
Also, Sobaity is sought for its nutritional value as a healthy seafood commodity. Fishes containing a certain type of fatty acids are known to reduce the risk of coronary heart disease (Kris-Etherton et al., 2002). In particular, Sobaity is rich in n-3 polyunsaturated fatty acids (PUFA), docosahexaenoic acid (DHA), and eicosapentaenoic acid (EPA). Interestingly, the wild-caught Sobaity contains a higher n-3 PUFA than their cultured counterparts (Hossain et al., 2017; Hossain et al., 2019). Moreover, the highest muscle lipid content recorded for Sobaity was during the pre-spawning and spawning seasons.
An extinction risk assessment of marine fishes, mainly for seabreams, conducted recently based on the dataset of the International Union for Conservation of Nature’s Red List indicated that around 25 species are in threatened/near-threatened condition as shown by their body weight (Comeros-Raynal et al., 2016). In this context, the availability of the complete genome sequence may help in understanding the detailed pathways and functions at the molecular level, which may further help in improving the economic value of the fish as well as pave better ways for their conservation.
Next-generation sequencing has propelled the construction of draft genome sequences of various important organisms (Goodwin et al., 2016) including many fish species from the Sparidae family (Shin et al., 2018; Zhu et al., 2021). The complete genome sequence is available for very few species of Sparidae family that include Sparus aurata (Pauletto et al., 2018), Spondyliosoma cantharus (GCA_900302685), Pagrus major (Shin et al., 2018), and the most recent one Acanthopagrus latus (Zhu et al., 2021). The genome of S. aurata is approximately 830 Mb and had a GC content of 42% (GCA_900880675.2). The genome of P. major is ∼875 Mb with a GC content of 38%. The draft genome contained a total of 886,260 scaffolds with an N50 of 4.6 Mb (GCA_002897255.1). S. cantharus genome is approximately 680 Mb in length containing 47,064 scaffolds (GCA_900302685.1), whereas the size of A. latus genome (GCF_904848185.1) is ∼685 Mb contained within 66 scaffolds. The study on A. latus presented a chromosome-level genome assembly and explored the molecular basis of sex reversal and the characteristics of the osmoregulation in this species (Zhu et al., 2021).
In the current study, our goal was to sequence, assemble, and annotate the draft genome of S. hasta. The draft genome assembly will facilitate future investigations of the biology of this species and provide a valuable resource for the conservation and breeding management of S. hasta.
MATERIALS AND METHODS
DNA isolation from fin tissues of sobaity fish
The genomic DNA was isolated from 4 months old female Sobaity fish collected from the Mariculture and Fisheries Department, Kuwait Institute for Scientific Research, Salmiya, Kuwait. DNA isolation was performed from the fin tissues (80 mg) using GenElute Plant Genomic DNA Miniprep Kit. The quantity of the genomic DNA was estimated using a Nanodrop spectrophotometer and Qubit fluorometer 3.0, and quality was checked by the A260/280 value and 0.8% agarose gel electrophoresis.
RNA isolation
The sobaity seabream larvae were reared in aerated tanks with six air stones, illuminated by natural sunlight and fluorescent light (40 W) with 1,500 lux light intensity in the day and 1,000 lux at night time (Al-Abdul-Elah, 1984; Teng et al., 1999). The stock density in S. hasta rearing tanks was 40 larvae/L seawater. The 24 h post-hatch larvae were transferred from Mariculture and Fisheries Department and acclimated to laboratory conditions at the Ecotoxicology Laboratory, Kuwait Institute for Scientific Research, Kuwait. Total RNA from 100 mg of the larvae was extracted using the Invitrogen TRIzol reagent (Life Technologies Corporation, United States) following the instructions provided by the manufacturer. Genomic DNA contamination in the extracted RNA samples was removed using the On-Column DNase 1 Digestion Set (DNASE70, Sigma-Aldrich, United States).
Library preparation and sequencing
One microgram of genomic DNA was randomly fragmented by Covaris. The fragmented genomic DNA was selected by Agencourt AMPure XP-Medium kit to an average size of 200–400 bp. Fragments were end-repaired and then 3’ adenylated. Adaptors were ligated to the ends of these 3’ adenylated fragments and the fragments were amplified using PCR. The PCR products were purified by the Agencourt AMPure XP-Medium kit. The double-stranded PCR products were heat denatured and circularized by the splint oligo sequence. The single-strand circle DNA (ssCir DNA) were considered as the final library. The library was validated on the Agilent Technologies 2100 bioanalyzer. The qualified libraries were sequenced by BGISEQ-500: ssCir DNA molecule formed a DNA nanoball (DNB) containing more than 300 copies through rolling-cycle replication. The DNBs were loaded into the patterned nanoarray by using a high-density DNA nanochip technology. Finally, 150 bp pair-end reads were obtained by combinatorial Probe-Anchor Synthesis (cPAS). The next-generation sequencing was performed at BGI, Hongkong.
De-novo genome assembly
The high-quality paired-end DNA sequencing data was used for de novo assembly of the S. hasta genome using MaSuRCA-4.0.3 (Zimin et al., 2013). The MaSuRCA assembler combines the benefits of deBruijn graph and Overlap-Layout-Consensus assembly approaches. It aids in different types of analysis by integrating various tools for genome size estimation, error correction, assembly scaffolding, polishing, and has been widely used by the scientific community. In addition, MaSuRCA has been suggested to be at least equal to or better than most of the genome assemblers in terms of assembly quality and completeness by the comparative studies performed on eukaryotic genomes (Mikheenko et al., 2018; Sohn and Nam, 2018). The paired-end reads were error corrected using QuorUM (Marçais et al., 2015), and then used for the construction of k-unitigs. Further, the paired-end reads were extended to form super reads with the help of unitigs. After creating the super-reads, contiging and scaffolding was performed using a modified version of CABOG assembler. Finally, gaps in the scaffold assembly were filled. All the steps were performed using the MaSuRCA assembler. The genome size was estimated using the jellyfish mer-counter, integrated within MaSuRCA. Additionally, we have used backmap tool (Schell et al., 2017; Pfenninger et al., 2022) which estimates the genome size based on the reads mapped to the assembly. The primary assembly was filtered to remove scaffolds shorter than 500 bp.
Repeat annotation and masking
A de novo repeat library for S. hasta filtered assembly was constructed using RepeatModeler (Flynn et al., 2020), which employs three repeat-finding methods; RECON (Bao and Eddy, 2002), RepeatScout (Price et al., 2005), and TRF (Benson, 1999). The repeat library was then subjected to RepeatMasker to find and mask the repeats in the assembled genome using RMBlast as the default search engine.
Gene prediction, annotation, and assembly completeness
The BRAKER2 pipeline (Brůna et al., 2021) was used to perform gene prediction by integrating ab initio gene prediction, RNA-seq based prediction, and predictions based on vertebral protein sequences, which combined the advantages of both GeneMark-ET and AUGUSTUS. The RNA-seq data was generated from the post-hatch fish larvae of Sobaity-seabream (BioProject Accession: PRJNA748027). The filtered RNA-seq reads were aligned to the repeat masked assembly using TopHat2 (Kim et al., 2013) with default parameters. The vertebral protein sequences from various species (n = 4,937,339) used for gene prediction were downloaded from the OrthoDB database (Kriventseva et al., 2019). The ProtHint (Brůna et al., 2020) protein mapping pipeline was used for generating required hints from the vertebral protein sequences for BRAKER. The assembled scaffolds along with the aligned reads (BAM files) and generated hints from the protein sequences were used for generating initial gene structures using the GeneMark-ET tool (Lomsadze et al., 2014). The initial gene structures were then used for training by AUGUSTUS to produce the final gene predictions (Stanke and Waack, 2003). The predicted genes were submitted to Blast2GO tool (Conesa et al., 2005) for annotation.
The raw reads were aligned back to the filtered scaffolds to assess the quality of the genome assembly using Bowtie 2 (Langmead and Salzberg, 2012). Furthermore, the predicted genes from the BRAKER2 pipeline were subjected to BUSCO version 5.2.2 (Manni et al., 2021) to evaluate the completeness of the assembled genome, based on the vertebrata_odb10 database.
Comparative genomics and phylogenetic analysis
We used OrthoMCL v2.0.9 (Li et al., 2003) for ortholog analysis based on protein datasets from the BRAKER2 pipeline and four other fish species: Diplodus sargus (txid: 38,941), Spondyliosoma cantharus (taxid: 50,595), Sparus aurata (txid: 8175), Acanthopagrus latus (txid: 8177). For S. aurata (GCA_900880675.1) and A. latus (GCA_904848185.1), the protein sequences were downloaded from the RefSeq database and used for the phylogenetic analysis. However, for D. sargus (GCA_903131615.1) and S. cantharus (GCA_900302685.1), the genome sequences were downloaded from the NCBI and proteins were predicted using BRAKER2 pipeline. These protein sequences were then used for the phylogenetic analysis. CD-HIT (Li and GodzikCd-hit, 2006) was used to remove redundant sequences (≥90% identity) in each organism. The protein sequences were further filtered to remove poor quality sequences using ‘orthomclFilterFasta’ command using default parameters. Then, the non-redundant filtered protein sequences were subjected to all-against-all BLASTp (Altschul et al., 1990) with an E-value of 1e-5. The blast results were used to identify single-copy orthologs using OrthoMCL across the species. The single copy ortholog sequences were then used for multiple sequence alignment by MAFFT, the result of which was used for the construction of phylogenetic tree using FastTree (Price et al., 2009).
RESULTS
Draft genome assembly of S. hasta
A total of approximately 550 million paired-end reads were used for constructing the genome assembly of S. hasta. The genome size of S. hasta was estimated to be around 703 Mb based on k-mer statistics using jellyfish k-mer counter (Figure 1) integrated within MaSuRCA and 688.8 Mb based on backmap tool. The slight difference in the estimated genome size by both the tools could be attributed to the different approaches used by these tools. The size of the assembled genome was ∼687 Mb contained within 22,741 scaffolds. The assembly was filtered to remove the scaffolds shorter than 500 Mb, and the final filtered assembly contained 20,442 scaffolds. The size of the filtered assembly was ∼686 Mb. The final assembly contained very low N content (∼0.04%). Furthermore, the alignment of the cleaned reads indicated successful matching of 99% of the raw reads back to the filtered assembly, suggesting the completeness of the assembly. The filtered assembly was used for further analysis. The complete statistics of the filtered assembly is provided in Table 1.
[image: Figure 1]FIGURE 1 | K-mer frequency coverage. The graph indicates the frequency of observed kmers using which the genome size is estimated. The jellyfish histo file was used as the input and the graph was constructed using the GenomeScope tool (http://qb.cshl.edu/genomescope/).
TABLE 1 | Statistics of the final filtered assembly.
[image: Table 1]Repeat identification, annotation, and masking
The repeat sequences in the filtered assembly were predicted by RepeatModeller and masked using RepeatMasker. The total length of repetitive sequences was ∼153.4 Mb, accounting for ∼22.35% of the draft genome size. Among these, ∼12% of the repeats were unclassified. DNA transposons corresponded to ∼5%, whereas retroelements corresponded to ∼2% of the genome. A complete list of different repeats along with their content in the draft genome has been shown in Table 2.
TABLE 2 | Repeat annotation of the assembly.
[image: Table 2]Gene prediction and annotation of the draft assembly
Gene prediction using BRAKER2 pipeline based on ab-initio method, and RNA-seq and ortholog protein sequence-based prediction resulted in a total of 41,201 genes coding for 44,555 transcripts. The mean length of the coding sequence was 1,249 bp, whereas that of protein sequence was 416 aa. Among the protein sequences, a total of 30,545 sequences (68.5% of all the protein sequences) had significant BLAST matches. Many sequences had a mean similarity score of more than 50 (Figure 2A).
[image: Figure 2]FIGURE 2 | Annotation of Sparidentex hasta protein sequences. (A) Doughnut chart indicating the percentage of sequences with different blast similarity means. (B) Annotation of the protein sequences. Different coloured bars indicate the annotation of proteins of varying lengths.
Furthermore, 30,473 and 13,244 sequences were mapped to Gene Ontology annotations and different enzyme classes, respectively (Figure 2B). The assessment of the assembly completeness indicated the detection of 93.4% complete BUSCOs (Benchmarking Universal Single-Copy Orthologs) at the protein level, with the single-copy, duplicated, fragmented, and missing accounting for 82.8, 10.6, 5.1, and 1.5%, respectively.
Comparative genomics
The phylogenetic analysis was performed to understand the relationship among five fish species (D. sargus, S. cantharus, S. aurata, A. latus, and S. hasta) at the sequence level. The ortholog analysis revealed a total of 24,784 ortholog groups across the five species. D. sargus sequences were clustered into most number of ortholog groups (Figure 3A).
[image: Figure 3]FIGURE 3 | Phylogenetic analysis using protein sequences across five fish species. (A) No. of ortholog groups and corresponding sequences in each species. The x-axis represents the names of fish species, whereas y-axis represents the number of groups or sequences in thousand. (B) No. of ortholog groups shared across the five species. (C) Phylogenetic tree of five fish species based on single-copy orthologs.
Further, there were 15,389 groups that were shared across all five species (Figure 3B). There were a total of 10,785 single-copy orthologs across the five species. The sequences corresponding to these ortholog groups were considered for phylogenetic tree construction. The phylogenetic tree indicated the relationship among the five seabreams and showed that S. hasta is closer to A. latus, the yellowfin seabream (Figure 3C).
DISCUSSION
In the current study, we assembled the draft genome sequence of Sobaity seabream, S. hasta, belonging to Sparidae family. The Sparidae family of fishes are economically important due to their good meat quality and good adaptability to captivity. Currently, very few species of this family have been completely sequenced at the genome level. The assembled genome size of S. hasta was ∼680 Mb, closely comparable to the genome of other sequenced seabreams. For instance, the genome size of P. major and A. latus was estimated to be ∼800 Mb. Our assembled genome was shown to be of high quality in terms of completeness, which was indicated based on the overall assembly statistics, such as number of Ns, read alignment and assembly completeness. The N50 statistics of our assembly was comparatively lower than that of the recently published genomes of other closely related species. For instance, the N50 of our assembly was 80 Kb, while this value for P. major and A. latus contig assembly was 2.8 and 2.6 Mb, respectively (Shin et al., 2018; Zhu et al., 2021).
The lower N50 statistics of S. hasta could be attributed to the unavailability of long-read/mate-pair sequences and is a limitation of the current study. Long-read sequences produced from technologies, such as PacBio and Oxford Nanopore can readily traverse the most repetitive regions and help in filling the gaps between contigs, thus increasing the length of assembled sequences, in turn improving N50 statistics (Logsdon et al., 2020). The draft genome of S. hasta contained a moderate number of repeats (∼22%). This was in agreement with the results from other species of the Sparidae family. The draft genome sequence of A. latus contained approximately 19% repeats, among which 14% were unclassified (Zhu et al., 2021). Similarly, the S. aurata genome contained around 20% repeats (Pauletto et al., 2018). The genome of P. major, however, contained a comparatively higher number of repeat sequences, which corresponded to 31% of its genome (Shin et al., 2018). Furthermore, the genome of A. latus contains ∼19,600 genes, whereas, the genomes of S. aurata and P. major have approximately 30,500 and 28,300 protein-coding genes, respectively. In the current study, we estimated S. hasta genome to contain a total of 41,201 genes (with 44,555 transcripts), slightly higher than that reported in other seabreams, and approximately, 70% of the protein sequences were significantly aligned to other protein sequences using BLAST. Further, we showed that our assembly quality was good based on the single copy orthologs and alignment of the reads to the assembled genome. The annotation results were in agreement with that of the other published seabream studies. The S. aurata genome contained 90% single copy genes and 91% complete BUSCO groups. The BUSCO score for P. major was ∼98%, whereas, in A. latus genome, more than 92% of BUSCO genes were identified. We detected approximately 93% of complete BUSCOs in S. hasta genome. The phylogenetic analysis of S. hasta and four other seabreams revealed a close relationship between S. hasta and A. latus.
In summary, we report the first draft assembly of S. hasta genome. The size of the filtered assembly was ∼686 Mb with 20,442 scaffolds. The repeat sequences were accounted for ∼22% of the genome sequence. The assembly contained a total of 44,555 transcript sequences with a mean length of 1,249 bp. Approximately 68% of the protein sequences (n = 30,545) had orthologs based on significant BLAST matches, and 30,473 sequences mapped to Gene Ontology annotations. Furthermore, the comparative genome analysis indicated that S. hasta is closer to A. latus, a yellowfin seabream. The current assembly provides a solid foundation for future population and conservation studies of S. hasta as well as for investigations of environmental adaptation in Sparidae family of fishes.
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Yunan is a crossed lean meat pig breed in China. Backfat thickness is the gold standard for carcass quality grading. However, over 14 years after breed registration, the backfat of Yunan thickened and the consistency of backfat thickness decreased. Meanwhile, no genetic study has been ever performed on Yunan population. So, in this study we collected all the 120 nucleus individuals of Yunan and recorded six backfat traits of them, carried out population genetic structure analysis, selection signals analysis and genome-wide association study of Yunan pigs with the help of their founder population Duroc and Chinese native Huainan pigs, to determine the genomic loci on backfat of Yunan. Genetic diversity indexes suggested Yunan pigs had no inbreeding risk while population genetic structure showed they had few molecular pedigrees and were stratified. A total of 71 common selection signals affecting growth and fat deposition were detected by FST and XP-CLR methods. 34 significant loci associated with six backfat traits were detected, among which a 1.40 Mb region on SSC4 (20.03–21.43 Mb) were outstanding as the strong region underlying backfat. This region was common with the results of selection signature analysis, former reported QTLs for backfat and was common for different kinds of backfat traits at different development stage. ENPP2, EXT1 and SLC30A8 genes around were fat deposition related genes and were of Huainan pig’s origin, among which Type 2 diabetes related gene SLC30A8 was the most reasonable for being in a 193.21 Kb haplotype block of the 1.40 Mb region. Our results had application value for conservation, mating and breeding improvement of backfat thickness of Yunan pigs and provided evidence for a human function gene might be reproduced in pigs.
Keywords: synthetic pig breed, genetic diversity, population structure, selection signature, GWAS, backfat thickness
INTRODUCTION
Huainan is one of the oldest northern China native pig breeds. It is native to south of the upper reaches of Huai River and North of Dabie Mountains in Henan Province. Henan is located in the middle and lower reaches of the Yellow River and is one of the earliest pig domestication areas in China (Zhang et al., 2007). Huainan is an all-black pig breed with large body size, large ears, short mouth, strong and robust limbs, high fertility, strong adaptability and delicious meat quality (Wang et al., 2005). People in and around Huainan pig producing areas have the habit of eating black pigs. Black pig is an essential ingredient of the famous local cuisine there. However, the poor growth rate of Huainan pigs limited its development.
Since 1980s, a large number of foreign commercial pigs with fast growth rate and high lean meat rate have been introduced to China to improve growth performance of Chinese native pig breeds (Xu, 2004). Among them, the American Duroc with golden coat color was widely used because of its high growth rate and high feed conversion rate (Figure 1A). So, in 1996, we started to use Huainan and American Duroc pigs as the base herd to intercross to develop a new high-performance black pig, Yunan pig (Figures 1B,C) (Zhu et al., 2009).
[image: Figure 1]FIGURE 1 | Yunan, Huainan, and Duroc used in this study. (A) Duroc. (B,C) Yunan (D) Huainan.
Yunan pig is a black crossbred pig breed obtained by nine generations crossbreeding between Huainan and American Duroc (Figure 2). In 2008, Yunan was registered as a new pig breed in China by National Livestock and Poultry Genetic Resources Committee. Theoretically, it contains 37.50% of Huainan’s lineage and 62.50% of Duroc lineage. Yunan exhibits good growth performances from Duroc with an average daily gain of 648 g during the stage of body weight at 30 kg–90 kg and lean meat rate of 56%, and has good meat quality from Huainan with an excellent meat quality (intramuscular fat content as 4.11%). So, Yunan becomes a popular black pig breed in and around Henan.
[image: Figure 2]FIGURE 2 | Schematic representation of the setup to generate Yunan using Huainan and Duroc.
Since the year of 2008, the systematic breeding of Yunan pigs have been no longer carried out which resulted in a decline of backfat consistency. Backfat thickness now is still the only gold standard for black pig carcass grading as same as the commercial pigs in China. Therefore, the decline of backfat performance of Yunan brings great economic loss to farmers. Meanwhile, with the emergence of the African swine fever in China in 2018, the population of Yunan pigs reduced seriously.
However, there has never been a genomic study on Yunan pigs. Only a few correlation analyses of several genes and comparative analysis of production traits of Yunan were reported (Li et al., 2016; Wang et al., 2021). Herein, in this study, we recorded six backfat thickness traits of the core group of Yunan population, and used SNP array genotyping data of Yunan, Huainan and Duroc with the following objectives: 1) determine the genetic diversity of Yunan by calculating the observed heterozygosity and the expected heterozygosity; 2) access the inbreeding state by detecting runs of homozygosity (ROH); 3) detect selection signals of Yunan by pairwise FST and XP-CLR methods; 4) investigate genomic evidence on the population structure of Yunan by phylogenetic tree, principal component and admixture analysis; 5) identify the genomic region that controlled backfat thickness of Yunan.
MATERIAL AND METHODS
Animals sampling, genotyping and phenotyping
Ear tissues were collected from Yunan (n = 120) and Huainan (n = 33) pigs at Sungo Agricultural and Livestock Co. Henan, China. Genomic DNA was extracted using the phenol-chloroform method and genotyped by 50 K SNP (Compass) and 80 K SNP (NEOGEN). Five backfat thickness traits including shoulder backfat (SBF), sixth and seventh ribs backfat (SSRBF), last rib backfat (LRBF), lumbar joint backfat (LBF) and P2 backfat (P2BF) were measured and recorded for Yunan pigs using ultrasonic instrument (EXAGO, France). Average backfat (ABF) was calculated as the average of SBF, SSRBF, LBF and LRBF. Genotype data of American Duroc pigs (n = 40) (Illumina PorcineSNP60 Genotyping Bead Chip) was downloaded from the public Dryad database (http://dx.doi.org/10.5061/dryad.30tk6).
We used PLINK v.1.9 (Purcell et al., 2007) to perform the quality control (QC) of the total 193 individuals genotype data. SNPs without positions on pig reference genome (Sus scrofa 11.1), or with genotyping rate less than 90%, or with minor allele frequency (MAF) lower than 1% or on Y chromosome were excluded. Individuals with genotyping rate less than 90% were excluded. Genotypic data of the same SNP in Yunan, Huainan and Duroc populations were extracted for genetic diversity, genetic differentiation and population genetic structure analyses.
Genetic diversity and selection signal analysis
Genetic indicators including the observed heterozygosity (Ho), the expected heterozygosity (He) and MAF were calculated for Yunan, Huainan and Duroc by PLINK v.1.9 to compare the genetic diversity of these populations, command set is "-hardy”. In addition, SNePv1.1 (Barbato et al., 2015) software was used to calculate the effective population size (Ne).
The length and frequency of ROH can reflect the group history. A long ROH indicates recent inbreeding, while a short ROH indicates ancient inbreeding. Genomic homozygous fragments of each individual were detected using runs of homozygosity of PLINK v.1.9. The following parameters were used of define ROHs: 1) the minimum length of ROHs was 500 Kb; 2) a sliding window of 50 SNPs across the genome; 3) each window allowed one heterozygous genotype and five missing SNPs (Xu et al., 2021) to avoid false negatives caused by occasional genotyping errors and missing genotypes. Then the ratio of the total length of the ROH fragment to the total length of autosomal genome was calculated to get the coefficient of inbreeding (Silió et al., 2013) using the following formula:
[image: image]
where [image: image] is the sum of the lengths of the autosomal ROH fragments and [image: image] is the total size of 18 autosomes of pigs covered by SNPs, which is 2.265 Gb (https://www.ncbi.nlm.nih.gov).
We used SNP data from three breeds, using genetic differentiation coefficient (FST) and cross-population compound likelihood ratio test (XP-CLR) for genome-wide selective detection. The genetic differentiation coefficient (FST) between populations was calculated using Vcftools v.0.1.13 (Sun et al., 2020), The command set was as follows: 1) window size was set to 500 Kb; 2) step length was set to 40 Kb. The FST values ranging from 0 to 0.05, 0.05 to 0.15, and 0.15 to 0.25 indicate that there are no genetic, moderate, and large differentiations among populations, respectively. XP-CLR was calculated using XP-CLR (Chen et al., 2010) software. XP-CLR models the difference in frequency of multiple alleles between the two populations. Further, we used the parameters (“-w1 0.005 200 2000 -p0 0.95”) to calculate the XP-CLR score for each chromosome. The empirical cutoffs for the genomic windows with top 1% FST and XP-CLR values across the whole genome were considered as selective sweeps.
Population genetic structure analysis
To assess the individual genetic distances between populations to illustrate the relationship between populations, we carried out principal components analysis (PCA) of the SNP dataset using PLINK v.1.9 and selected the first two principal components for visualization by ggplot package in R v.4.1.3 (Team, 2014). To gain more insight into the Yunan pig population, we performed t-distributed stochastic neighbour embedding (T-SNE) analysis on the dataset using the R package “Rtsne” (Krijthe, 2015). The phylogenetic tree was built by neighbor-joining (NJ) method and visualized using R v.4.1.3, the genetic distance matrix was constructed by PLINK v.1.9. To explore the population structure of Yunan, the rapid model of ADMIXTURE v.1.3 (Alexander et al., 2015) software was used to cluster all Yunan samples in a context of some related populations and the results were visialized using the “barplot” package of R v.4.1.3 software.
Genome-wide association analysis of backfat thickness
Genome-wide association analysis for backfat traits of Yunan was performed using a univariate mixed linear model of GEMMA v.0.98.5 (Zhou et al., 2012) as follows.
[image: image]
where y is a vector of phenotypic values for the trait; W is a matrix of fixed effects including the first three PCs; α is a vector of corresponding coefficients including the intercept; x is a vector of genotypes for the marker; β is an effect size for the marker; u is an n-vector of random effects; and ε is an n-vector of errors.
The results of genome-wide association analysis were visualized using the rMVP (Yin et al., 2021) package in R software. The suggestive significance threshold was 1/N, where N is the number of SNPs used for the analysis. We used 1 Mb upstream and downstream significant SNPs region as traits related candidate region.
RESULTS
Genotyping
There are 57,466 SNPs sites in the original data. After quality control, SNPs without positions on pig reference genome (Sus scrofa 11.1), or with genotyping rate less than 90%, or with minor allele frequency lower than 1% or on Y chromosome were excluded. Individuals with genotyping rate less than 90% were excluded. Finally, 50,717 SNPs were used for the following analysis.
Genetic diversity analysis
To assess genetic diversity of Yunan, we analyzed MAF, Ho, He and Ne of Yunan, Huainan and Duroc. The results were shown in Table 1. By comparison, the Ne of Huainan was lower than that of Yunan and Duroc. Indexes MAF, Ho and He of Yunan were higher than those of Huainan and Duroc indicating that Yunan was rich in genetic diversity.
TABLE 1 | Summary of population genetic diversity indexes.
[image: Table 1]ROH analysis results of Yunan, Huainan and Duroc were shown in Table 2. A total of 3,317 homozygous fragments were detected in the three populations. Duroc had the highest average number of ROH per animal (48.8 ± 6.55 with a range of 2–80 Mb) while Huainan had the lowest (7.21 ± 8.14 with a range of 1–105 Mb). Mean length of ROH (MGLROH) was maximum in Yunan (10.01 ± 4.28 Mb) and minimum in Duroc (8.91 ± 1.14 Mb). Duroc revealed the highest ROH based inbreeding (FROH = 0.1925 ± 0.037). FROH of Huainan (FROH = 0.0324 ± 0.043) and Yunan (FROH = 0.043 ± 0.033) were lower than Duroc. Yunan did not have severe inbreeding.
TABLE 2 | Genomic distributions and descriptive statistics of ROH in Yunan, Huainan and Duroc.
[image: Table 2]ROH fragment size of Yunan mainly concentrated in 5–15 Mb, accounting for 88.98% while that of Duroc and Huainan mainly concentrated in 1–10 Mb, accounting for 75.32% and 71.01%, respectively (Figure 3A). Chromosomes with the most ROH fragments in Yuanan, Duroc and Huainan were SSC1 (n = 170), SSC1 (n = 255) and SSC7 (n = 22), and chromosomes with the least ROH fragments were SSC17 (n = 15), SSC17 (n = 53) and SSC18 (n = 4) (Figure 3B). The total average length of ROH of Yunan, Duroc and Huainan were 98.37 Mb, 436.28 Mb and 73.32 Mb (Figure 3C).
[image: Figure 3]FIGURE 3 | (A) Distribution of ROH length in Yunan, Huainan and Duroc. (B) Distribution of ROH quantity on Yunan, Huainan and Duroc chromosome. (C) Distribution of ROH samples number in Yunan, Huainan and Duroc.
Population genetic structure analysis of yunan population
The first and second principal components of Yunan, Huainan and Duroc explained 29.68% and 9.99% of the total variance. Yunan, Huainan, and Duroc were clearly separated (Figure 4A). The first PC clearly separated Yunan, Huainan and duroc. Yunan was located between Huainan and Duroc. We used t-SNE to best classify the populations to perform dimensionality reduction clustering analysis on all the breeds. From Figure 4B, these results indicate that different subpopulations exist in Yunan pig population. From the result of admixture analysis in Figure 4C, When K = 2, Yunan, Huainan and Duroc could be clearly distinguished. Yunan contained 33.78% of Huainan and 66.22% of Duroc blood. When K = 3, a new bloodline in red was appeared in Yunan. When K = 4-5, different degrees of differentiation appeared in Yunan population. To investigate genetic structure of Yunan pigs, we constructed the NJ tree of the 193 individuals, which indicated the existing Yunan pigs could be divided into four main branches, each of which was divided into two or more subbranches (Figure 4D).
[image: Figure 4]FIGURE 4 | Population structure analyses for all pig individuals. (A) First and second principal components from a principal component analysis of all populations. (B) t-SNE plot for all breeds. (C) Population structure plots for all pig populations at K = 2, 3, 4, and 5. (D) Neighbor-joining tree for all individual pigs.
Selection signal screening among yunan, Huainan and Duroc
To screen the selection signals among Yunan, Huainan and Duroc, and analyse the possibly origin of the signals, we divided Yunan, Huainan and Duroc into three groups (Yunan-Duroc Vs. Huainan, Yunan-Huainan Vs. Duroc and Yunan Vs. Huainan-Duroc) and used two methods of FST and XP-CLR. Top 1% regions of FST and XP-CLR were considered as salient loci under selected. FST screening results were shown in Figure 5A (Yunan-Duroc Vs. Huainan), 5C (Yunan-Huainan Vs. Duroc) and 5E (Yunan Vs. Huainan-Duroc). We detected several significant loci on SSC1-12, SSC14-17 and SSCX in Yunan-Duroc Vs. Yunan group, SSC1-16 and SSCX in Yunan-Huainan Vs. Duroc group, and SSC1-10, SSC12-18 and SSCX in Yunan-Duroc Vs. Yunan group. XP-CLR analysis results of the above three groups were shown in Figure 5B (Yunan-Duroc Vs. Huainan), 5D (Yunan-Huainan Vs. Duroc) and 5F (Yunan Vs. Huainan-Duroc). We obtained 71 significant loci on each of the 18 autosomes in each of the three groups.
[image: Figure 5]FIGURE 5 | Selected signature detection for different groups on manhattan graphs. (A,B) yunan-duroc vs. huainan. (C,D) yunan-huainan vs. duroc. (E,F) yunan vs. huainan-duroc.
Then we combined the outputs of FST and XP-CLR analysis. In Yunan-Duroc Vs. Huainan group, we found 37 significant regions that over threshold under selected were overlapped in FST and XP-CLR results. A total of 104 genes were annotated in these regions in the Ensembl (http://ensemble.org) database, 17 out of which were involved in fat production and metabolism, nine out of which were related to growth and development. These 26 genes under selected were thought to be of Duroc origin.
Similarly, in Yunan-Huainan Vs. Duroc group, we got 21 overlapping regions containing 103 annotated genes, 14 genes out of which were related to fat regulation while eight genes were related to growth development. These 22 genes were thought to be of Huainan origin. Also, 13 overlapping regions covering 116 genes were found in Yunan Vs. Huainan-Duroc. Only eight genes were involved in fat metabolism and adipose production, three genes were involved in skeletal muscle development. These outstanding 11 genes may have been selected by artificial selection in Yunan population.
To further look into former reported economic characters underlying these genomic regions, we extracted the common regions between these results and PigQTLdb (www.animalgenome.org/cgi-bin/QTLdb/index). QTLs that overlapped with potentially selected regions were QTLs of average daily gain (Fontanesi et al., 2014; Guo et al., 2017), backfat last rib (Gilbert et al., 2007) and days 110 kg (Wang et al., 2015), etc. as shown in Table 3.
TABLE 3 | Candidate genes and previous reported QTLs of common selected regions from FST and XP-CLR analysis.
[image: Table 3]GENOME-WIDE ASSOCIATION STUDY ON BACKFAT TRAITS IN YUNAN PIGS
To understand genetic background of backfat thickness variation in Yunan, Yunan pigs were divided into gilt (n = 48), 1st parity (n = 48) and 2nd parity (n = 24) according to the age. Descriptive statistics of the six backfat traits (P2BF, SBF, SSRBF, LRBF, LBF and ABF) of this three groups were shown in Table 4. From Table 4, Yunan was much fatter from the ideal body shape. For example, the average P2BF thickness of gilt, 1st parity and 2nd parity in Yunan was 36.90, 35.28 and 35.93 mm. This was much thicker than the commercial sows (usually 16–22 mm). Moreover, the coefficient variation (CV) of the backfat traits was larger, ranged from 12.80% to 34.96%.
TABLE 4 | Descriptive statistical of backfat traits in Yunan pigs.
[image: Table 4]With the goal of pinpointing genomic region associated with backfat phenotypes of Yunan, we performed genome-wide association studies of six backfat traits using a linear mixed model. We identified 34 suggestive significant SNPs associated with six backfat traits in total. Thereinto, nine significant SNPs on SSC1-2, SSC4, SSC11-12, SSC14 and SSC16 were detected in 1st parity pigs. 14 significant SNPs on a 1.4 Mb segment of SSC4 (20.03–21.43 Mb) were detected in 2nd parity pigs while 11 significant SNPs on SSC1-2, SSC8, SSC13 and SSCX were obtained in gilts. 202 genes were annotated in the 34 genomic regions in the Ensembl database, five, six and three genes of which were involved in fat metabolism or growth in gilt, 1st and 2nd parity pigs (Figure 6).
[image: Figure 6]FIGURE 6 | Manhattan plot of genome-wide association analysis of P2-backfat, shoulder backfat, sixth and seventh ribs backfat, last rib backfat, lumbar joint backfat and average backfat at different parity. The annotated genes represent the relevant candidate genes.
The genomic regions where these significant loci were located partially overlapped. The most significant associated SNP was the same for P2BF and LRBF on SSC8 (10.43 Mb) in gilts, for P2BF and ABF on SSC16 (21.97 Mb) in 1st parity, for P2BF, LRBF and ABF on SSC4 (20.03–21.43 Mb) and for SSRBF and ABF on SSC4 (106.29 Mb) in 2nd parity pigs. Then we combined these 34 regions with PigQTLdb database (www.animalgenome.org/cgi-bin/QTLdb/index) and found that significant loci on SSC4 (20.03–21.43 Mb) were overlapped with a reported average backfat thickness QTL (20,366,121–21,945,045 bp) in large white pigs (Bink et al., 2000) (Table 5).
TABLE 5 | Summary of genomic regions significantly associated with six backfat traits in Yunan pigs.
[image: Table 5]In view of the existence of selective signals related to fat deposition and growth, and to investigate whether the genomic regions associated with backfat traits mapped by GWAS might have been selected in the population, we analyzed the regions common to the results of FST, XP-CLR and GWAS. The selected region on SSC4 (21.24–21.83 Mb) in Yunan-Huainan Vs. Duroc group which was thought to be of Huainan origin and the P2BF, LRBF and ABF associated region on SSC4 (20.03–21.43 Mb) in 2nd parity stood out. These two regions were overlapped, and ENPP2 and EXT1 genes (SSC4:19.02–21.06 Mb) in this region were functionally related to fatty acid production (Crespo-Piazuelo et al., 2020). Therefore, the genome region of 20.03–21.83 Mb on SSC4 was considered as an important candidate region for backfat thickness in Yunan pig population.
Finally, we used Haploview v4.2 (Barrett et al., 2005) software for linkage disequilibrium analysis and constructed haplotype modules for the SSC4 (20.03–21.83 Mb) under the default parameters. We found four linkage blocks (r2≥0.8), block1 (21, 111, 825–21,196,785 bp), block2 (21, 208, 018–21,218,173 bp), block3 (21, 402, 451–21,421,498 bp) and block4 (21, 516, 432–21,709,640 bp) within the target area (Figure 7). Only one gene SLC30A8 (21, 517, 486–21,555,757 bp) was found in block4. SLC30A8 gene encodes zinc transporter, which transfers zinc from the cytoplasm of pancreatic β-cells to intracellular vesicles and functions in insulin secretion. Impaired insulin secretion and insulin resistance are the pathogenesis of type 2 diabetes mellitus (Witka et al., 2019).
[image: Figure 7]FIGURE 7 | Haploview of linkage disequilibrium of SNPs on chromosome four (20.03–21.83 Mb) in Yunan pigs.
DISCUSSION
The genetic diversity of a population was a key factor in ensuring the survival and evolution of a species. Commercial pigs have been subjected to high-intensity artificial selection for a time, resulting in a decrease in genetic diversity, while local varieties were mainly selected by natural conditions such as environmental factors and geographical factors, thus maintaining a high level of genetic diversity. China’s native pig breeds has a better genetically diverse (SanCristobal et al., 2006; Ai et al., 2013). The genetic diversity of Chinese hybrid pigs was higher than that of Chinese local pig breeds (Yang et al., 2003; Huang et al., 2020) and commercial pig breeds (Wang et al., 2021). There were many statistical methods to evaluate population genetic diversity, such as allele frequency and population heterozygosity. The higher the heterozygosity, the higher the genetic diversity. In this study, the MAF, Ho and He of the hybrid pig breed Yunan were higher than those of its founders Duroc and Huainan, indicating Yunan had a richer genetic diversity. Effective population size (Ne) is also an important indicator of diversity and species conservation. If the Ne was below 65, the breed might have a population crisis (Simon, 1999). The Ne of Yunan was 67. This suggested that although having experienced the threat of African swine fever, Yunan did not have a group crisis now.
ROH segments contains information about population inbreeding, and its length and frequency can reflect the population history. Compared with pedigree inbreeding number, the calculation of genomic inbreeding number based on ROH was more accurate and can better reflect the real inbreeding number of an individual (Purfield et al., 2012; Zanella et al., 2016; Deniskova et al., 2019; Bhati et al., 2020). A longer ROH usually indicates a closer genetic relationship while a shorter ROH indicates an ancient inbreeding. A larger number of ROHs and fragments means a higher probability of inbreeding (Kirin et al., 2010). Here, the average total length of ROH of Yunan was between Huainan and Duroc. Duroc had the highest average number of ROH per animal while Huainan had the lowest. Mean length of ROH was maximum in Yunan and minimum in Duroc. Duroc had the highest ROH based on inbreeding. FROH of Huainan and Yunan were lower than Duroc. Compared with some other local breed pigs (Mashen and Chun’an) in China (Cai et al., 2021; Dai et al., 2021) and European commercial breeds (Zhan et al., 2020), the average inbreeding coefficient of Yunan was relatively lower, and Yunan black pigs did not show obvious inbreeding.
From few large branches in NJ trees, population stratification in PCA, and having no one main lineage when K = 3 to 5 of ADMIXTURE implied much more breeding work should be done in Yunan. In addition, different subsets of Yunan may exist according to PCA, which was also indicated by t-SNE analysis. So, even if Yunan pigs had no risk of inbreeding and recession according to the population diversity and inbreeding analysis, but this diversity may partly be due to stratification within groups. Therefore, in the future breeding work of Yunan pigs, we should carry out mating among lineages according to the NJ molecular pedigree to avoid multiple invalid matings, otherwise the consistency of the population would not be improved.
Selection signals can reflect loci and genes that have been strongly selected in a population during long-term domestication. The selective signals we detected in Yunan black pigs were not only related to fat deposition, but also to growth. Both directions had both Duroc origin (Yunan-Duroc VS. Huainan) and Huainan origin (Yunan-Huainan VS. Duroc). For example, GPRC6A (Mukai et al., 2021) and MBD5 (Du et al., 2012) for fatness and growth of Duroc while ANGPTL3 (Jiang et al., 2018) and DOCK3 (Reid et al., 2020) of Huainan. These results indicated that both Duroc and Huainan pigs had genetic variants affecting growth and fat deposition. In addition, some genes, such as CDH13 (Göddeke et al., 2018) and RAB23 (Hasan et al., 2020), were found to be involved in fat deposition and growth in the Yunan VS. Huainan-Duroc group. These loci might be derived from the founder effect of the initial breeding group of Yunan or might be the result of the 14 years of breeding process of Yunan.
Genomic loci associated with backfat thickness partially overlapped between different parities and different traits. This suggested the influence of some genes on backfat was a long-term process, there’s no time and space specificity. When it came to the nonoverlapped genes or regions, we could not come to a conclusion of time or space specificity. Because although the population used in this study covers the core population of Yunan black pigs, the number of populations was too small. This reminded us that under the epidemic environment, it was necessary to adopt multi-site conservation for species, especially for local genetic resources.
Three genes related to fat deposition, ENPP2, EXT1 and SLC30A8, were found in the upper and lower 1 Mb of SSC4 (20.03–21.43 Mb) (Du et al., 2009; Hutley et al., 2011; Nishimura et al., 2014). Among the four linkage disequilibrium blocks in the 1.40 Mb interval of SSC4, only one gene, SLC30A8, was present in the fourth block (193.21 Kb). This gene is the star gene of type 2 diabetes. In 2009, there was a study that attempted to find the causal mutation for human type 2 diabetes by analyzing the correlation between the mutation of this gene with fat deposition in pigs (Du et al., 2009) but failed. Further analysis of this gene in Yunan might be needed.
In addition, QTL has been widely used in the study of important economic traits in pigs. The hunt for QTL in pigs has been ongoing for nearly 2 decades, beginning with the first publication of a QTL for fatness on pig chromosome 4 in 1994 (Andersson et al., 1994). In crossbreeding analysis, SNP markers and QTL linkage analysis can be used to identify genomic regions with complementary effects from potential resource groups, so as to increase the degree of genetic complementarity between varieties or lines in a planned way, and thus improve the economic traits of hybrids and the genetic diversity of varieties.
In conclusion, we analyzed genetic structure and mapped genomic regions affecting backfat thickness of Yunan black pigs. Although there was no risk of inbreeding depression, the stratification phenomenon existed in Yunan population. The increasing backfat thickness and decreasing consistency had a particular genetic basis. The 1.40 Mb interval of SSC4 (20.03–21.43 Mb) was a strong candidate region associated with backfat thickness. ENPP2, EXT1, and SLC30A8, particular SLC30A8, were strong candidate genes. Our findings are helpful for the subsequent breeding and conservation, as well as genomic improvement of backfat thickness of Yunan black pigs and suggested the importance of multi-site breeding conservation method.
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The number of thoracolumbar vertebrae in Dezhou donkeys varies from 22 to 24 and is associated with body size and carcass traits. In mammals, the latent transforming growth factor beta binding protein 2 (LTBP2) has been found to have some functions in the development of thoracolumbar vertebrae. The relationship between LTBP2 and TLN (the number of thoracolumbar vertebrae) of Dezhou donkeys is yet to be reported. The purposes of this study are as follows: 1) to quantify the effect of thoracolumbar vertebrae number variation of Dezhou donkeys on body size and carcass trait; 2) to study the distribution of single nucleotide variants (SNVs) in the LTBP2 gene of Dezhou donkeys; and 3) to explore whether these SNVs can be used as candidate sites to study the mechanism of Dezhou donkey muti-thoracolumbar vertebrae development. The TLN, body size, and carcass traits of 392 individuals from a Dezhou donkey breed were recorded. All animals were sequenced for LTBP2 using GBTS liquid chip and 16 SNVs were used for further analysis. We then analyzed the relationship between these SNVs with TLN, body size, and carcass traits. The results showed that: 1) c.5547 + 860 C > T, c.5251 + 281 A > C, c.3769 + 40 C > T, and c.2782 + 3975 A > G were complete genetic linkages and significantly associated with thoracic vertebrae number (TN) (p < 0.05) (wild-type homozygotes had more TN than heterozygotes); 2) c.1381 + 768 T > G and c.1381 + 763 G > T were significantly associated with lumber vertebrae number (LN) (p < 0.05); 3) c.1003 + 704 C > T, c.1003 + 651 C > T, c.1003 + 626 A > G, and c.812 + 22526 T > G were significantly associated with chest circumference (CHC), front carcass weight (CWF), after carcass weight (CWA), and carcass weight (CW) (p < 0.05) (wild-type homozygotes were larger than other genotypes in CHC, CWF, CWA, and CW); and 4) the effect of variation is not consistent in c.565 + 11921 A > G, c.565 + 6840 A > G, c.565 + 3453 C > T, and c.494 + 5808 C > T. These results provide useful information that the polymorphism of LTBP2 is significantly associated with TLN, body size, and carcass traits in Dezhou donkeys, which can serve as a molecule marker to improve donkey production performance.
Keywords: thoracolumbar vertebrae, Dezhou donkey, LTBP2, single nucleotide variants (SNVs), association analysis
1 INTRODUCTION
In mammals, the vertebral column consists of cervical, thoracic, lumbar, sacral, and caudal vertebrae. The number of vertebrae, especially the thoracolumbar vertebrae number, is an important economic trait in domestic animals because it is related to the length of the carcass and the size of the body (Borchers et al., 2004). The number of thoracic vertebrae (TN) is equal to the number of ribs, which are among the most valuable parts of the meat in the China market, and the number of lumbar vertebrae (LN) is bound up with abdominal muscle. The variation in the number of thoracolumbar vertebrae (TLN) has been observed in many mammalian species, such as in sheep; there are 13 thoracic vertebrae and 6 lumbar vertebrae (T13L6) for the majority of sheep, while the carcass length of T13L7 and T14L6 increases by 2.22 cm and 2.93 cm, respectively, compared with normal T13L6, and carcass weight (CW) increases about 1.68 kg and 1.90 kg (Donaldson et al., 2013; Li et al., 2017). In pig breeds, modern Western pig breeds, such as Duroc, Large White, and Landrace, have more (n = 21–23) TLN than Chinese indigenous breeds (n = 19), generally (King and Roberts, 2010; Mikawa et al., 2011; Liu et al., 2020), and one extra vertebrae expands the carcass length by 80 mm in bacon pigs (King and Roberts, 2010).
The vertebral column originates from the pre-somatic mesoderm under regulation of the notochord, which means the number of vertebrae in a region may vary connaturally, and this has been accurately determined in the embryonic stage (Greene and Copp, 2009). The variability of the vertebral column may arise from cranial-caudal border shifts, which take place when there is a somatic shift from the typical distribution of vertebral segments in a region; this may be one of the reasons for the inconsistent TLN (Thawait et al., 2012). The multi-vertebrae number trait is complex and regulated by genetics; up to now, several genes have been proved to have the function of regulating the development of vertebrae. Two quantitative trait loci (QTL) have been identified to regulate the vertebrate development in pigs: one on chromosome 1 and another one on chromosome 7; through more in-depth research, the nuclear receptor subfamily 6, group A, member 1 (NR6A1) gene (c.748 Pro 192 Leu) and vertebrae development-associated (VRTN) gene (g.20311-20312 ins291) have been proved to be candidate genes affecting spinal development (Mikawa et al., 2005; Mikawa et al., 2007; Mikawa et al., 2011; Ren et al., 2012; Fan et al., 2013; Burgos et al., 2015; Zhang et al., 2016). Association analysis has revealed significant associations between the single nucleotide variants (SNVs) (rs414302710: A > G) in the exon-8 of the NR6A1 gene with the number of lumbar vertebrae (Zhang et al., 2019). In addition to this, many genes have been found to be associated with the development of the vertebrae, such as the homeobox gene family (Rijli et al., 1995; Wellik, 2007; Gomez et al., 2008), GDF11 (Li et al., 2010), and Btg2 (Park et al., 2004), but most of these studies have focused on model animals, such as mice and fish.
The multi-vertebrae trait has also attracted donkey breeding researchers since it was discovered several decades ago owing to of multi-vertebrae advantages. Furthermore, the multi-vertebrae trait is highly heritable [heritability is 0.62 in pigs (Borchers et al., 2004)]. For the majority of Dezhou donkeys, there are 18 thoracic vertebrae and 5 lumbar vertebrae, usually labeled as T18L5. To date, we have observed five thoracic-lumbar vertebrae combination types in Dezhou donkeys (T17L5, T17L6, T18L5, T18L6, and T19L5); we have not observed the T19L6 type, nor have we seen any article reporting this. We collected skeletal specimens of three thoracic vertebrae types and two lumbar vertebrae types from the Dezhou donkey slaughterhouse (Figure 1). Many articles have reported that the LTBP2 gene may have the function of regulating the vertebrae development, but the mechanism is not clear. Zhang et al. (2016) found that growth differentiation factor 11 (Gdf11) can increase the number of ribs in mice, while some scholars have found that LTBP2 can inhibit the extracellular processing of Gdf11 through basic amino acid specific preprotein convertase 5/6 (PC5/6). In our previous studies, through the genome-wide association study (GWAS), we predicted that LTBP2 may be associated with the vertebrae number in Dezhou donkeys (Wang et al., 2020). Therefore, the current study aims to detect mutations in the LTBP2 gene and analyze their association with the TLN, body size, and carcass traits of Dezhou donkeys. This study contributes to the understanding of the mechanism based of TLN differences and provides theoretical support for multi-vertebrae molecular marker-assisted selection in donkey breeding.
[image: Figure 1]FIGURE 1 | Thoracic and lumbar vertebrae specimens of Dezhou donkeys. Notes: (A) the side view of a 17 thoracic vertebrae specimen; (B) the side view of an 18 thoracic vertebrae specimen; (C) the side view of a 19 thoracic vertebrae specimen; (D) the vertical view of 5 lumbar vertebrae specimen; (E) the vertical view of 6 lumbar vertebrae specimen. In each figure, the red arrows mark the starting and ending points of the thoracic or lumbar vertebrae, respectively. The blue arrows indicate the straight-line length of the thoracic or lumbar vertebrae. Red numbers with units indicate the straight-line length value of the thoracic or lumbar vertebrae. Red numbers without units indicate the order of the thoracic or lumbar vertebrae. “LN” means the number of lumbar vertebrae; “TN” means the number of thoracic vertebrae.
2 MATERIALS AND METHODS
2.1 Experimental animals and data acquisition
The study collected 392 Dezhou donkeys in Dezhou Town, Shandong Province, China, from 2019 to 2021 (the average body size data are shown in Supplementary Table S1). All donkeys were 2-year-old jackasses, fattened for meat production, with unknown pedigree information. During this study, the animal feed consisted of grass and hay ad libitum and water. The was no food intake within 12 h before slaughter, but water was unlimited. A 10 ml blood sample was collected from each Dezhou donkey using an EDTA anticoagulated blood collection tube and stored at −80°C. The body size [body height (BH), the vertical distance from the highest point of bun nail to the ground; body length (BL), the linear distance from the fore-end of humeral carina to the last internal carina of ischial tubercle; and chest circumference (CHC), make a vertical line from the back of the scapula and measure the circumference of its chest] of these 392 Dezhou donkeys was measured using Zhang et al.’s (2021) method. The measurement for collecting the thoracolumbar vertebrae number and carcass traits were as follows. The warm carcass weight [removing the head, viscus, skin, hooves, penis, testicles, and tail (CW)], the front part of the carcass weight [cut off from the boundary between the last thoracic vertebra and the first lumbar vertebra, and the carcass where the thoracic vertebra are located (CWF)], and the hind part of the carcass weight [cut off from the boundary between the thoracic vertebra and the lumbar vertebra, and the carcass where the lumbar vertebra are located (CWA)] were measured immediately after slaughter. The information regarding thoracolumbar vertebrae was measured [thoracic vertebrae number (TN), the total length of thoracic vertebrae (TL), lumbar vertebrae number (LN), and the total length of lumbar vertebrae (LL)] at the abattoir in the cold-storage room after slaughter on the left half of the carcass (Liu et al., 2022). The TIANAMP Genomic DNA Extraction Kit (DP304, TIANGEN, Beijing, China) was utilized to extract the genomic DNA from blood samples. The A260/280 ratios of all DNA samples were determined with a NanoDrop (ND 2000, NanoDrop, United States). After that, genomic DNA were diluted to a common centration 50 ng/μL and stored at −20°C.
2.2 Genotyping
All animals were sequenced for the whole LTBP2 gene with GBTS (genotyping by targeted sequencing) liquid chip (using GenoBaits and GenoPlexs technology), which was developed by our laboratory and the Shijiazhuang Breeding Biotechnology Co., Ltd. In order to confirm the accuracy of the chip sequencing results, eight pairs of specific primer sequences were designed using Primer Premier 5.0 software to amplify some polymorphic loci of the LTBP2 gene (50%). The primers are listed in Supplementary Table S2. The fragments contained 16 SNVs (c.5547 + 860 C > T, c.5251 + 281 A > C, c.1381 + 768 T > G, c.1003 + 704 C > T, c.812 + 22526 T > G, c.812 + 6591 T > C, c.565 + 3453 C > T, and c.494 + 5808 C > T) of LTBP2. The PCR system (25 μL) included: 2 μL genomic DNA (25 ng/μL); 1 μL of each primer (10 μM); 12.5 μL 2 × MasterMix (TIANGEN, Beijing, China); and 8.5 μL double-distilled H2O. The PCR protocol was as follows: 95°C for 10 min; 35 cycles of denaturing at 95°C for 30 s; annealing at Tm°C (Supplementary Table S2) for 30 s; and extension at 72°C for 1 min, with a final extension at 72°C for 10 min. After amplification, PCR products were first electrophoresed on 2% agarose gels with MF079-M5 Hipure Gelred nucleic acid strain (Mei5 Biotechnology, Co., Ltd., Beijing, China) and then sent to Sangon Biotech Biotechnology Co., Ltd. for sequencing in both directions and the sequencing results were compared using DNAMAN software (Version 5.2, Lynnon Biosoft, Vaudreuil, Canada).
2.3 Statistical analysis
The genotype frequencies of all target loci (the frequency of each genotype is greater than 5%) were calculated. Using these SNVs, haplotypes were constructed, and haplotype frequency was calculated; haplotypes with frequencies greater than 5% were used for subsequent analysis. The genotype frequencies, allelic frequencies, and Hardy–Weinberg equilibrium partial values were determined by direct counting. At the same time, the population genetic parameters were estimated using online software (http://analysis.bio-x.cn/myAnalysis.php) and (http://www.msrcall.com/Gdicall.aspx), including observed heterozygosity (Obs-Het), predicted heterozygosity (Pred-Het), homozygosity (Ho), effective number of alleles (Ne) (Nei and Roychoudhury, 1974), and polymorphism information content (PIC) (Botstein et al., 1980). The linkage relationship between D’ (LD’ coefficient) and r2 (correlation coefficient) based on the alleles of each site was calculated using Haploview software (Version 4.2, Daly Lab at the Broad Institute Cambridge, United States) and haplotype frequency was estimated between the loci (Barrett et al., 2005). In order to explore the differences in SNVs’ genotype and haplotypes in LTBP2, which are important genetic factors for several traits, the linear model in SPSS 22.0 software (Statistical Product and Service Solutions, Version 22.0 Edition, IBM, Armonk, NY, United States) was used for correlation analysis:
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where yij is the measured value of the related trait, μ is the population mean, ai is the genotype effect, and eij is the random residual.
3 RESULTS
3.1 Variation in vertebral number in Dezhou donkeys
The variation in vertebral number among 392 Dezhou donkeys is shown in Figure 2. The TN, LN, and TLN ranged from 17 to 19, 5 to 6, and 22 to 24, respectively; the dominated type was 18 (83.2%), 5 (78.3%), and 23 (87.5%), respectively. The most common proportion among the experimental samples was the T18L5 thoracic-lumbar vertebrae combinational type (74.5%), and the rarest was T19L5 (1.3%).
[image: Figure 2]FIGURE 2 | Variation in vertebral number of Dezhou donkeys. Notes: (A) variation in TN; (B) variation in LN; (C) variation in TLN; (D) variation in TL-type.
3.2 Effect of TLN variation on body size and carcass traits
The number of vertebrae is associated with body length, carcass weight, and other economical traits in livestock. However, for Dezhou donkeys, the effect of the vertebrae number increase on economic traits is still unclear. To evaluate their relationship, the effects of single TL, LN, TLN, and thoracic-lumbar vertebrae combinational types on carcass weight were analyzed successfully. In order to accurately calculate the effect of adding one type of vertebrae on body length and carcass weight, we studied the effect of variations in the number of thoracic vertebrae in the same population of lumbar vertebrae and vice versa (Supplementary Table S3). When LN remains unchanged, adding a thoracic vertebra means a significant increase in TL by 5 cm according to the weighted average method (TN = 17, TL = 68.73 ± 0.35; TN = 18, TL = 73.61 ± 0.18; TN = 19, TL = 75.2 ± 1.59), significant at p < 0.05. When TN remains unchanged, adding a lumbar vertebra means a significant increase in LL by 4 cm according to the weighted average method (LN = 5, LL = 23.27 ± 0.07; LN = 6, LL = 27.19 ± 0.15, p < 0.05). From the perspective of TLN, adding a thoracolumbar vertebra means the total length of thoracolumbar vertebrae (TLL) will increase significantly (TLN = 22, TLL = 91.6 ± 1.07; TLN = 23, TLL = 96.75 ± 0.22; TLN = 24, TLL = 100.59 ± 0.71; p < 0.05). Individuals with 23 or 24 TLN were about 10 kg heavier than 22 TLN individuals in carcass weight, but no significant difference was detected. Theoretically, there should be a T19L6 combinational type, but this has not been observed in our long-term observations; maybe we need a larger sample size.
3.3 Polymorphisms of 16 multi-vertebrae trait causal loci
A total of 16 mutations (c.5547 + 860 C > T, c.5251 + 281 A > C, c.3769 + 40 C > T, c.2782 + 3975 A > G, c.1381 + 768 T > G, c.1381 + 763 G > T, c.1003 + 704 C > T, c.1003 + 651 C > T, c.1003 + 626 A > G, c.812 + 22526 T > G, c.812 + 10937 C > T, c.812 + 6591 T > C, c.565 + 11921 A > G, c.565 + 6840 A > G, c.565 + 3453 C > T, and c.494 + 5808 C > T) were identified as candidate sites for multi-vertebrae and carcass traits (Figure 3). In order to further confirm their association with vertebrae number, body size, and carcass traits, all samples were genotyped for these 16 alleles using GBTS liquid chip. The sequencing results of the PCR products amplified by specific primers were consistent with those of the GBTS liquid chip.
[image: Figure 3]FIGURE 3 | Sixteen SNVs of the LTBP2 gene in Dezhou donkeys.
In Supplementary Table S4, three genotype frequencies (wild-type homozygote, heterozygotes, and mutant-type homozygote) and genetic indices (Obs-Het, Pred-Het, Ho, and PIC) in Dezhou donkeys’ LTBP2 gene are shown. As shown in Supplementary Table S4, we found that c.5547 + 860 C > T, c.5251 + 281 A > C, c.3769 + 40 C > T, and c.2782 + 3975 A > G did not have a mutant-type homozygote. The other 12 loci had three genotypes in total. The Hardy–Weinberg test results showed that the population was genetically balanced and belonged to the Mendelian population. The genetic diversity index showed that the PIC of Dezhou donkeys was 0.123–0.555, and the polymorphism was 1 < PIC < 0.25, which is in the moderate-high polymorphism state.
3.4 Association analysis of donkey vertebrae number, body size, and carcass traits with 16 SNV polymorphisms
The effects of the LTBP2 SNVs on the number of vertebrae, body size, and carcass traits were evaluated and are presented in Supplementary Table S5. As shown in Supplementary Table S5, individuals with the wild-type homozygote had significantly more TN than heterozygotes (p < 0.05) in c.5547 + 860 C > T, c.5251 + 281 A > C, c.3769 + 40 C > T, and c.2782 + 3975 A > G loci, which means the main effect of these four loci are significant in TN. The lumbar vertebrae number in Dezhou donkeys with wild-type homozygous and mutant-type homozygous genotypes of c.1381 + 768 T > G and c.1381 + 763 G > T was 5.05 ± 0.05 and 5.25 ± 0.03, respectively, and the difference was significant (p < 0.05). The other two mutant loci significantly related to the number of lumbar vertebrae are c.812 + 10937 C > T and c.812 + 6591 T > C. In c.812 + 10937 C > T, individuals with mutant-type homozygous T/T and heterozygous C/T genotypes had more LN than wild-type homozygotes, while in c.812 + 6591 T > C, individuals with mutant-type homozygous C/C had significantly fewer LN than wild-type homozygotes and heterozygotes. As described in Supplementary Table S5, in the c.1003 + 704 C > T, c.1003 + 651 C > T, c.1003 + 626 A > G, and c.812 + 22526 T > G mutational sites, the effect of variation on CHC, CWF, CWA, and CW was consistent. Individuals with wild-type homozygotes had significantly higher data than other genotypes among the aforementioned four traits (p < 0.05), while others (BH, BL, SW, TN, TL, STL, LN, LL, SLL, TLN, TLL, and STLL) were not significant. There are five mutational sites significantly associated with TLN (c.812 + 10937 C > T, c.565 + 11921 A > G, c.565 + 6840 A > G, c.565 + 3453 C > T, and c.494 + 5808 C > T). The effect of c.812 + 10937 C > T in TLN was consistent with that in LN. In c.565 + 11921 A > G, c.565 + 6840 A > G, c.565 + 3453 C > T, and c.494 + 5808 C > T mutational sites, individuals with the heterozygous genotype had the most TLN (23.12 ± 0.03) compared to other genotypes (significantly).
3.5 Linkage disequilibrium and haplotype analysis of LTBP2 gene mutational sites
In order to reveal the linkage relationship between the 16 mutational sites of the LTBP2 gene, the linkage disequilibrium between these loci was estimated. The analysis results showed that three blocks exist between these 16 SNVs (r2 > 0.33) (Ardlie et al., 2002). Block1 is composed of c.5547 + 860 C > T, c.5251 + 281 A > C, c.3769 + 40 C > T, and c.2782 + 3975 A > G, block2 is composed of c.1381 + 768 T > G, c.1381 + 763 G > T, c.1003 + 704 C > T, c.1003 + 651 C > T, c.1003 + 626 A > G, and c.812 + 22526 T > G, and block3 is composed by c.565 + 11921 A > G, c.565 + 6840 A > G, c.565 + 3453 C > T, and c.494 + 5808 C > T. The linkage coefficients for other pairs of SNVs were low (r2 < 0.33).
Haplotype analysis was performed for the three blocks, and three haplotypes with a frequency greater than 0.05 were identified and labeled as Hap1 (-CAC​AGT​TTG​GAA​TT-), Hap2 (-CAC​AGT​TTG​GGG​CC-), and Hap3 (-CAC​ATG​CCA​TGG​CC-). The haplotype frequencies of Hap1, Hap2, and Hap3 in Dezhou donkeys account for 37.6%, 28.3%, and 10.2%, respectively.
3.6 Association analysis between the haplotype combinations and TLN, body size, and carcass traits
In order to explore the association between SNV polymorphism and the traits of Dezhou donkeys, haplotype combination was carried out on the basis of constructed haplotypes. Six haplotype combinations (Hap1Hap1, Hap1Hap2, Hap1Hap3, Hap2Hap2, Hap2Hap3, and Hap3Hap3) were constructed, respectively. The results are shown in Supplementary Table S6; individuals with Hap2Hap3 and Hap3Hap3 made up less than 5% of the total sample size, so no follow-up analysis was conducted for these two haplotype combinations. The correlation analysis between four haplotypes and TLN, body size, and carcass traits was calculated, but no significant difference was observed.
4 DISCUSSION
With the development of agricultural mechanization, the causative function of donkeys is gradually weakening, which is the reason why the stock of donkeys in China decreased rapidly from 1990 to 2016 (Statistics, 2021). In recent years, luckily, with the further study of the special functions of donkey meat, milk, and skin, the situation has gradually improved (D’Auria et al., 2011; Li et al., 2006; Polidori et al., 2015; Polidori et al., 2008; Yvon et al., 2018). Donkeys are raised as a small special livestock in China today; the government has enacted many policies to support the development of the donkey industry, especially in breed preservation and improvement. Vertebrae number is an important characteristic in livestock, such as pigs, cattle, sheep, and donkeys, because a higher vertebrae number means a longer body length and a heavier carcass weight (Yang et al., 2016; Zhang et al., 2017). In this study, we observed that the TN, LN, and TLN in Dezhou donkeys is 17–19, 5–6, and 22–24, respectively; no T19L6 thoracolumbar vertebrae combination type individuals were observed, which is similar to what has been reported in previous studies (Jamdar and Ema, 1982; Gao, 2020; Gao et al., 2021). The effect of increasing TN or LN is not consistent; one more TN increases TLL by about 5.14 cm, while one more LN increases TLL by about 4.05 cm (significant at p < 0.05). Interestingly, the effect of one more TN in different LN populations is unequal, such as in the 5 lumber vertebrae number population, the CW of individuals with 18 TN is 11.1 kg more than individuals with 17 TN, while in 6 lumbar vertebrae number population, the CW of individuals with 18 TN is 3 kg more than individuals with 17 TN; the disparity between the increase between the two is 8.1 kg. Similarly, the effect of one more LN in different TN populations is also unequal.
The heritability of the vertebrae is high; for example, the heritability of vertebrae in pigs is 0.62 (Borchers et al., 2004). Therefore, we believe that directional breeding of Dezhou donkeys with multiple thoracolumbar vertebrae numbers and studying the molecular mechanism of multiple thoracolumbar vertebrae numbers is worthy of attention. The development of vertebrae is a complex process, which requires the regulation of multiple signal molecules and specific components. To date, there are several regions in the genome that have been identified as having the function of regulating the development of vertebrae. Mikawa et al. (2005), Mikawa et al. (2007), and Mikawa et al. (2011) identified two QTLs’ influence on the number of vertebrae, mapped to SSC1 and SSC7. There is a 479 kb region on SSC7 including nine annotated genes, identified as a critical fragment influencing the TLN (Liu et al., 2020). The Notch receptor 1 (Notch-1) gene is a critical gene for somite development, while the activation of FOS could inhibit the expression of Notch-1 (Portanova et al., 2013; Liao and Oates, 2017).
In previous studies, many mutation sites in LTBP2 have been proved to have some functions in the development of primary congenital glaucoma (c.3028G > A, p.Asp1010Asn; c.3427delC, p.Gln1143Argfs*35) (Rauf et al., 2020), cardiomyocytes (c.2206G > A, p.Asp736Asn) (Chen et al., 2020), and lung fibroblast-to-myofibroblast differentiation (Zou et al., 2021). LTBP2 has also been found to be related to the number of teats in pigs (Martins et al., 2022). In this study, LTBP2 was used as a candidate gene associated with TLN in Dezhou donkeys based on related studies (Zhao et al., 2020; Wang et al., 2022). The liquid chip was designed based on published data from several databases and was used for genotyping all mutational loci of all samples. PCR primers were designed, based on a published donkey LTBP2 sequence (GenBank accession NC-052183.1), to amplify the eight mutational loci (Wang et al., 2020). The alignments of the genotyping result between GBTS liquid chip and PCR products with specific primers is 100%. From this, we can see that the GBTS liquid chip sequencing results are reliable.
We actually detected a total of 544 mutational sites in the whole LTBP2 gene of Dezhou donkeys; however, most of the loci cannot meet the requirements of correlation analysis, so we finally screened out 16 SNVs for subsequent analysis. Among these loci, the adjacent loci are significantly related to a certain trait (p < 0.05), centrally. For example, for c.5547 + 860 C > T, c.5251 + 281 A > C, c.3769 + 40 C > T, and c.2782 + 3975 A > G, the distance between them was 8,247 bp, 6,018 bp, and 9,253 bp, respectively, genome wide; they were all significantly associated with TN (p < 0.05). The analysis results from the Haploview software showed a strong linkage disequilibrium between them, which means when the C allele is mutated to the T allele at c.5547 + 860 C > T, the A allele at c.5251 + 281 A > C will mutate to C allele, the C allele at c.3769 + 40 C > T will mutate to T allele, and the A allele at c.2782 + 3975 A > G will mutate to G allele. In this block, individuals with wild-type homozygous had more 0.16 pieces of TN than heterozygotes, so we speculate that the mutation here has a negative effect on TN. The same situation also occurs in block2 (c.1381 + 768 T > G, c.1381 + 763 G > T, c.1003 + 704 C > T, c.1003 + 651 C > T, c.1003 + 626 A > G, and c.812 + 22526 T > G), but the function of block2 is aimed at LN, CHC, CWF, CWA, and CW. For the development of TN, mutations at c.1381 + 768 T > G and c.1381 + 763 G > T sites are beneficial, while for CHC, CWF, CWA, and CW, mutations at c.1003 + 704 C > T, c.1003 + 651 C > T, c.1003 + 626 A > G, and c.812 + 22526 T > G are negative. In block3, four SNVs (c.565 + 11921 A > G, c.565 + 6840 A > G, c.565 + 3453 C > T, and c.494 + 5808 C > T) were all significantly associated with TLN; individuals with the heterozygous genotype had higher TLN than others (p < 0.05), but the difference between wild-type homozygotes and mutant-type homozygotes was different.
In order to determine the linkage disequilibrium of 16 SNV markers located on the Dezhou donkey LTBP2 gene, a total of three haplotype blocks among 16 SNVs were identified, examining haplotypes above 5%, spanning approximately 30 kb. The most frequent haplotypes within the blocks comprised the linkage of nucleotides CACA (96.4%) for block1, GTTTGG (72.8%) for block2, and AATT (53.6%) for block3. To demonstrate the total effect of a single locus, haplotype combinations were combined for further study. The haplotype combination types with a sample size less than 5% of the total sample were removed. Our results showed no dominant type in the four haplotype combinations; the reason may be the effect of these three blocks counteracting each other. These results indicate that the LTBP2 gene is a potential functional gene for regulating the development of vertebrae in Dezhou donkeys, and this finding may provide important implications for further studies on the regulation of the TLN in Dezhou donkeys. It must be noted that our research has not explored the molecular mechanism of SNPs in LTBP2 regarding how they effect TLN development.
5 CONCLUSION
In summary, the effects of TLN variation on body size and carcass traits of Dezhou donkeys were quantified, and 16 trait-related SNVs have been identified in the LTBP2 gene of Dezhou donkeys. These loci have low-to-high polymorphism and there are significant differences between different genotypes among different traits. The results of this study will play an important role in the further study of the molecular mechanism of Dezhou donkey molecular breeding for muti-vertebrae breeds.
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Introduction: The Markhoz goat is the only breed that can produce high-quality fiber called mohair in Iran; however, the size of its population has faced a dramatic decline during the last decades, mainly due to the reluctance of farmers to rear Markhoz goats caused by a reduction in goat production income. Litter size at birth (LSB) and weaning (LSW) are two economically important reproductive traits for local goat breeders and have the potential of increasing the population growth rate. The present study was aimed to identify possible genomic regions that are associated with LSB and LSW in Markhoz goats using a genome-wide association study (GWAS).

Methods: To this end, 136 Markhoz goats with record(s) of kidding were selected for GWAS using the Illumina Caprine 50K bead chip. The individual breeding values (BV) of available LSB and LSW records estimated under an animal mixed model were used as the dependent variable in the GWAS, thereby incorporating repeated categorical variables of litter size.

Results: Four SNPs on chromosomes 2, 20 and 21 were identified to be significantly associated (FDR p<0.05) with LSB after multiple testing correction under a Bayesian-information and Linkage-disequilibrium Iteratively Nested Keyway (BLINK) model. Least-square analysis was performed to investigate the effects of detected genotypes on LSB. Ultimately, the GWAS results introduced six candidate genes, including GABRA5, AKAP13, SV2B, PPP1R1C, SSFA2 and TRNAS-GCU in a 100 kb adjacent region of the identified SNPs. Previous studies proposed functional roles of GABRA5 and AKAP13 genes in reproductive processes; however, the role of other candidate genes in reproduction is not clear.

Conclusion: These findings warrant further investigation for use in marker-assisted selection programs in Markhoz goats.
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Introduction

Throughout history, goats have been a primary production species for mankind due to their ability to withstand variable and harsh environmental conditions and their desirable production of meat, milk, fiber, and skin. Improving economic traits in goats, such as prolificacy and viability, can be very profitable for rural people in countries with low-quality grazing lands, where goat farming is one of the primary sources of income.

Markhoz goats are the only mohair producing breed in Iran with different coat colors such as white, black, and various shades of brown (1). The population size of the Markhoz goat underwent a considerable decrease during the last two decades (2), such that only about 1,000 head remain in their main native habitat in western and northwestern Iran. The main reasons for the decreased population of the indigenous Markhoz goat include changes in the management system for how animals are reared and the generally low income gained by goat farming in local regions. Hence, increasing the number of kids born per kidding and subsequently increasing the total income through the selling of kids, fiber, and meat may encourage ranchers toward goat production.

Litter size at birth (LSB) and litter size at weaning (LSW) are two reproductive traits that are known to be controlled by several underlying genes in goats (3). Specifically, genetic variants with significant effects on LSB have been identified in genes including, GDF9, BMP15, GnRH1, KISS1, KITLG, NGF, POU1F1, PRLR and promoter of miR-9 gene in various breeds of goats (4–11). However, there may be other genes that affect LSB and LSW that have remained unknown. Nowadays, with the development and availability of SNP genotyping technologies, conducting genome-wide association studies (GWASs) and detecting candidate genes and genetic variants that may have a significant association with economic traits, have become much easier and faster. In this regard, many GWASs have been conducted using the Illumina Caprine 50K beadchip [Illumina Inc., San Diego, CA (12)] for various economically important traits in different goat breeds including coat color and mohair traits (13), body morphological traits (14), conformation and milk yield (15), and resistance to nematodes (16). Similarly, multiple researchers have conducted GWAS on liter size at birth in sheep (17–19). However, there is only one GWAS for the number of kids alive per kidding in goat (20) and no GWAS for the number of kids alive till weaning in sheep or goat.

Detection of significantly associated SNPs with LSB and LSW in goat would lead to enhanced efficacy of animal selection in breeding strategies by reducing the cost and time required to raise and phenotypically characterize animals as they mature. As complex traits, LSB and LSW are known to be controlled by many genes with variants having a small effect. Hence, the possibility of incorporating genetic variants into selection strategies will likely accelerate the rate of improvement of such reproductive traits as compared to traditional phenotypic selection. The purpose of this study was to conduct GWAS to detect possible genomic regions and variants associated with LSB and LSW in Markhoz goats, with the potential of applying results in genomic selection.



Materials and methods


Animals and phenotypes

All female goats (n = 184) existing at the Markhoz Goat Performance Testing Station in Sanandaj, Kurdistan, Iran, were selected for inclusion in the study. The herd is reared under a semi-intensive management system, in which animals graze on natural pastures from spring to early autumn and fed a diet consisting of alfalfa and wheat straw for the rest of the year. At the age of 16–18 months, does are mated for the first time. The kidding season starts in late winter and ends in early spring. Litter size at birth (LSB) and litter size at weaning (LSW) were the two reproductive traits evaluated. LSB described the number of live kids born to the doe. LSW described the number of live kids at weaning for each doe, typically evaluating kids at 22–27 weeks old. LSB and LSW were categorical variables potentially repeated per doe as they aged and had subsequent litters.



Statistical analyses
 
Prediction of breeding values

Predicted breeding values (PBV) for LSB and LSW were generated for use in the GWAS to capture the repeated categorical values of LSB and LSW. A total of 3,410 litter size records for the Markhoz goats were collected from 1994 to 2019 for use in predicting breeding values. Accuracy of EBVs is based on the amount of performance information available on the animal and its close relatives. Selection using EBVs is more accurate, especially for low heritable traits like litter size, which allows for faster genetic gain compared to mass selection using phenotypes. Breeding values have the advantage that they are free of systematic environmental effects on measured phenotypes, as these effects are considered in the statistical model used for the estimation of EBVs. Additionally, they reflect the genetic makeup more accurately because they do not solely rely on own records but include information from all measured relatives. The pedigree file included 5,396 animals with 1,533 dams and 252 sires. The number of founders, individuals with progeny, and individuals without progeny were 343, 1,785 and 3,611, respectively. Breeding values for each individual was estimated, applying a repeatability threshold animal model using ASReml 2.0 (21) as follows:
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where y is a vector of phenotypic value for LSB/LSW, b, a, pe and e are vectors of fixed effects including year of kidding (2010–2019), age of dam (2–9 years) and parity (1–7), random animal effects, random permanent environmental effects and random residual effects, respectively. X, Z, and W are design matrices that relate records to fixed, animal and permanent environmental effects, respectively.



Genotyping and quality control

All animal procedures were approved by the Cornell University Institutional Animal Care and Use Committee prior to sampling (protocol #2014-0121). Vacutainer tubes containing K2EDTA as an anticoagulant were used to collect whole blood (5 ml) samples from the jugular vein of goats. Samples were immediately stored at −20°C until DNA extraction. A standard Phenol-Chloroform DNA extraction method was utilized for extracting genomic DNA (22). The Illumina Caprine 50K beadchip (Illumina, Inc., San Diego, CA, United States), including 53,353 SNPs, was used for genotyping samples (VHL Genetics, Wageningen, Netherlands). Golden Helix SVS v8.3.4 (Golden Helix, Bozeman, MT, United States) software was used for quality control process as follows: (1) 624 SNPs were removed for a call rate less than 0.9; (2) 2,540 SNPs with a minor allele frequency less than 0.03 were excluded; (3) 810 SNPs were not assigned to a genomic location; thus they were removed; (4) five samples were removed for a genotyping call rate less than 0.9; and (5) three samples with an estimated identity-by-state (IBS) score greater than 0.9 were removed to eliminate the possible effects of substantial relatedness between individuals on the overall results. Furthermore, 39 samples were excluded because they had no history of kidding in the data set. After the quality control process, 49,764 SNPs and 136 animals remained for GWAS.



Genome-wide association studies

The GAPIT v3.0 R package was used for investigating the association between genomic regions and PBVs for LSB and LSW as phenotypes. Several models including General Linear Model (GLM), Mixed Linear Model (MLM), Multi Locus Mixed Model (MLMM), Compressed Mixed Linear Model (CMLM), Enriched Compressed Mixed Linear Model (ECMLM), Factored spectrally transformed Linear Mixed Model (Fast-LMM), Settlement of MLM Under Progressively Exclusive Relationship (SUPER), Fixed and random model Circulating Probability Unification (FarmCPU), Efficient Mixed-Model Association (EMMA), Efficient Mixed Model Association eXpedited (EMMAX) and BLINK were performed to find the best model for fitting PBV LSB and LSW data (Figure 2). The BLINK (23) and FarmCPU (24) models showed less deviation from expectation in the Q-Q plots than other models. Despite FarmCPU identifying more significantly associated SNPs in the model comparison, BLINK was selected for the final GWAS because it controlled both false positives and false negatives effectively, showing a sharp upward deviated tail and a straight line close to the 1:1 line. In the BLINK method, markers in LD (r2 > 0.7) with the most significant marker are excluded from the analysis and the maximum likelihood of a random effect model is approximated by using the Bayesian Information Content (BIC) of a fixed-effects model. By applying that, the most significant markers will be selected among all markers that remained after LD exclusion and then used as cofactors in the model to test all markers across the genome. Because of the abovementioned reasons, the BLINK method had improved statistical power and better control on false positives in comparison with kinship-based methods (23). In the present study, the first 10 PCs explained about 23% of stratification, of which 12% was explained by the first three PCs. For considering population structure and avoiding biases due to population stratification in the present GWAS, only the first three PCs were included as covariates in the model, because no difference observed in the results when 4–10 top PCs (explained about 11% of stratification) were included in the analyses.

Significance of marker association was determined using a false discovery rate (FDR) adjusted p-value of less than 0.05. The ggplot R package was used to generate Q–Q and Manhattan plots (25). The genomic heritability was estimated using LDAK software v5.1 (26).



Least-square analysis and correlations between studied traits

Least-square analyses were conducted to investigate the negative/positive effects of detected genotypes on studied traits using PROC MIXED of SAS v8.2 software (27). Phenotypic and genotypic correlations between LSB and LSW were estimated using CORR procedure of SAS v8.2 and GCTA software tool (28), respectively.



Identifying candidate genes

A region with a distance of 100 kbp up-stream and 100 kbp down-stream of significant SNPs was explored to detect the nearest gene using Capra hircus ARS1 assembly (29) in the NCBI database. The LD decay pattern of the Markhoz goat population was estimated and the explored distance was selected based on the intersection point between the LD line and the r2 threshold determined the LD decay value (r2 < 0.1). Finally, gene databases, such as Genecards, National Center for Biotechnology Information (NCBI), Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) were scrutinized to find the functions and pathway of identified genes.





Results


Descriptive statistics and predicted breeding values

The descriptive statistics and predicted breeding values for LSB and LSW traits are presented in Table 1. The studied population had an average LSB of 1.16, while only 0.99 of them remained alive at the age of weaning (LSW). The mean PBV for LSB and LSW was 0.0031 and 0.0073, respectively. Furthermore, the distribution of studied traits is depicted in Figure 1.


TABLE 1 Descriptive statistics and estimated breeding values for litter size at birth and litter size at weaning in the Markhoz goat.
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FIGURE 1
 The distribution of litter size at birth (A); litter size at weaning (B); PBVs for litter size at birth (C); and PBVs for litter size at weaning (D).




Genome-wide association studies

The Manhattan and Q-Q plots for PBV of LSB and LSW are depicted in Figure 2. Furthermore, the Q-Q plot for litter size at birth fitting other models is indicated in Figure 3. Four significantly associated SNPs on chromosome 2 (rs268267345, unadjusted p-value = 1.35e−07), chromosome 20 (rs268258357, unadjusted p-value = 1.33 e−08) and chromosome 21 (rs268288690, unadjusted p-value = 5.41e−13; rs268256209, unadjusted p-value = 2.56e−07) were identified for PBV LSB (Figure 2A). The FDR adjusted p-values for the identified SNPs were 0.002, 0.0003, 2.69e−08 and 0.003, respectively. The Q–Q plot for LSB showed a very slight genomic inflation factor with λGC = 1.01. In contrast, no significantly associated SNPs were found for PBV LSW after multiple testing correction under the various models tested for this trait. The detailed information, including location, alleles, and p-values, for significantly associated SNPs on the PBV LSB trait is provided in Table 2. Considering that the distance between the significantly associated SNPs from their neighboring SNPs was farther than 500 kb and the BLINK model uses a minimum distance of 300 kb for exclusion of markers, linkage disequilibrium analysis was not performed.


[image: Figure 2]
FIGURE 2
 The Manhattan and quantile–quantile (Q–Q) plots of -log 10 (p-value) for litter size at birth (LSB) (A); and litter size at weaning (LSW) (B) in the Markhoz goats using the BLINK GWAS model. The green horizontal line indicates the FDR adjusted p-value threshold of 0.05.
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FIGURE 3
 The Q–Q plot for litter size at birth (LSB) fitting Bayesian-information and Linkage-disequilibrium iteratively nested keyway (BLINK) (A); general linear model (GLM) (B); mixed linear model (MLM) and multi locus mixed model (MLMM) (C); compressed mixed linear model (CMLM) (D); enriched compressed mixed linear model (ECMLM) (E), factored spectrally transformed linear mixed model (Fast-LMM) (F); settlement of MLM under progressively exclusive relationship (SUPER) (G); fixed and random model circulating probability unification (FarmCPU) (H); and efficient mixed-model association (EMMA) and efficient mixed model association eXpedited (EMMAX) (I) GWAS models.



TABLE 2 Genome-wide association study identifies four SNPs significantly associated with the predicted breeding value of litter size at birth (LSB) in Markhoz goats.
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Least-square analysis of identified genotypes for LSB and phenotypic and genotypic correlations

The results of the least-square analyses for LSB are provided in Table 3. Results show that markers rs268267345, rs268258357, and rs268288690 in the genome of the Markhoz goats significantly resulted in increased litter size in goats having one or two mutated alleles. In contrast, rs268256209 SNP has a significant negative effect on LSB in goats that carry two G alleles.


TABLE 3 Genotypic frequency and least-square mean ± standard error of litter size at birth for identified SNPs in the Markhoz goats.
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The phenotypic correlation between LSB and LSW was 0.697 (P < 0.01). Furthermore, analysis of the genotypic correlation between these traits showed a strong genetic relationship of 0.725 (P < 0.01).



Estimated genomic heritability

The estimated heritability using recorded data and pedigree for LSB and LSW of the entire population was 0.018 and 0.32e−6, respectively. However, the genomic heritability for studied traits was 0.011 and 0.21e−7, respectively. The detailed information for variance components of LSB and LSW traits is presented in Table 4.


TABLE 4 Estimation of variance components and genetic parameters for litter size at birth (LSB) and litter size at weaning (LSW) in the Markhoz goats.
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Detected candidate genes

Six candidate genes were found within the 100 kb windows up- and down-stream of the identified SNPs located on the genome of Capra hircus in the NCBI database (ARS1 assembly, accession number: GCF_001704415.1). The detected genes harboring SNPs, their distance from SNPs and the roles of each gene are presented in Table 5.


TABLE 5 Genes within 100 kb distance from identified significant SNPs and their description.
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Discussion

In Iran, the Markhoz goat is the only breed that can produce mohair in black, gray, white and varying shades of brown color. The fiber obtained from the Markhoz goat is both culturally and socially important for Kurdish people costumes (30). Thus, the decreasing population size of this valuable breed could be mitigated by using breeding programs incorporating genetic markers affecting reproductive traits such as litter size at birth (LSB). This is the first study on litter size traits in the Iranian goats at a genome-wide scale which can be employed as a practical tool to identify novel genetic markers that may influence litter size in the Markhoz and other goat breeds.

For both traits, the first three principal components (PCs) were included in the model to correct for population structure. A total of four SNPs, found on chromosomes 2, 20, and 21, were significantly associated with the PBV of LSB (Figure 2A). The Q–Q plots showed that observed versus expected data was well aligned, indicating minimal population stratification affecting the model (λGC = 1.01). In contrast, the results of the GWAS failed to reveal significant association with the PBV of LSW (Figure 2B).

The most significantly associated variant (rs268288690) with the PBV of LSB is located within the GABRA5 gene. GABRA5 encodes a 462 amino acid protein of the GABA receptors family known as GABA-A. It has been suggested that GABA acts at GABA-A receptors in the central and peripheral nervous systems as the major inhibitory neurotransmitter (31). Watanabe et al. (32) investigated the role of GABA in the regulation of GnRH neurons. They reported that in the course of fetal development, GABA is involved in the regulation of GnRH neuron migration from the olfactory placodes into the forebrain. They also stated that negative and positive feedback of estradiol are mediated by GABA, and there is a significant correlation between these feedbacks and frequency of GABA transmission to GnRH neurons. In a recent study, Di Giorgio et al. (33) demonstrated that GABA-A and GABABRs interact with kisspeptin (a protein encoded by the Kiss1 gene) in the regulation of reproductive processes. For instance, GABA increases Kiss1 expression by affecting GABA-A receptors in early embryo development. In addition, at the time of ovulation in adults, a main double excitatory input to (GnRH) neurons is provided by the AVPV/PeN neuron population, leading to the expression of GABA and kisspeptin.

Another significantly associated SNP identified in the present study (rs268256209) is located 99,644 bp upstream of the AKAP13 gene. AKAP13 is a member of the AKAP family which is a structurally diverse protein and is involved in the binding process to the regulatory subunit of protein kinase A (PKA) and confining the holoenzyme to discrete locations within the cell. Luconi et al. (34) reported that AKAP proteins are expressed in both female and male reproductive systems, especially during gametogenesis. It has been suggested that AKAP–PKA interactions control the maturation of oocytes (35).

Based on the functional role of PPP1R1C, SV2B, TRNAS-GCU and SSFA2 genes, there is no evidence to suspect a causative association with the LSB trait in our study. Whereas, both GABRA5 and AKAP13, are the more likely genes potentially influencing LSB based on their influence of reproductive processes.

The results of least-square analyses showed that rs268288690 SNP leads to a significant increase in litter size in Markhoz goats (p < 0.01) so that goats having two copies of the mutated allele (GG genotype) had more kids within the litter than those carrying one or no copy of the mutated allele (AG and AA genotypes). The GG genotype of rs268258357 SNP indicated the highest litter size (1.822 ± 0.161) among all identified genotypes. Similarly, rs268267345 SNP also had a positive impact on litter size. These findings revealed that only rs268256209 SNP negatively affected litter size, while the other three SNPs identified from GWAS positively influenced the number of kids in Markhoz goats.

Estimated heritability for LSB and LSW was 0.018 and 0.32e−6, respectively. These values are lower than the estimated genomic heritability of 0.011 for LSB and 0.21e−7 for LSW. One of the main reasons for the observed differences could be different sample sizes used for estimating heritability via BLUP and LDAK models. In BLUP, we used all available data (3,410) and pedigree (5,396) records, while only 136 genotyped individuals were used in the LDAK method to predict genomic heritability. Besides, much of the heritability of traits may not be accounted for by rare, low-frequency genetic variants, known as the missing heritability problem (36).

There are many genes that have been identified as associated with litter size in goat and sheep. Among them, GDF9, BMP15, BMPR1B, and IGF1 genes have been widely discussed in literature acknowledging their effects on litter size. However, to the best of our knowledge, the associations between candidate genes detected in the present study and litter size have not been reported previously. Therefore, according to their vital functions in reproductive processes, the GABRA5 and AKAP13 genes could be important novel candidate genes for litter size in small ruminants. However, our study had some limitations, including small sample size and relatively low heritability of studied traits. Thus, more genotyped animals are required to validate the impact of these potential candidate genes on litter size in goats.

Additionally, due to the high genomic correlation between LSB and LSW traits, we expected to find some common regions for the two traits, but the GWAS for the PBV for LSW failed to detect any significantly associated genomic regions. One possible reason could be that LSW is affected by environmental conditions or the pattern of effects may be altered by environment and genetic interactions. Furthermore, LSW may be influenced by rare causal variants that are not included in the current goat medium-density SNP-chip and not captured by linkage disequilibrium. Additionally, the complexity of gene interactions on this trait, such as epistasis, was not considered in this study and may play a more prominent role in regulation. The next possible reason could be the low frequency of the causal variants, which require a larger sample size to capture effect.

Despite the significant markers found for LSB, the present study has some limitations regarding LSW trait. It should be noted that LSB and LSW had extremely low heritabilities, suggesting a low possibility to achieve rapid genetic progress through phenotypic selection for LSB. Furthermore, LSW is generally connected to the mothering ability of the doe and environmental factors such as farm management. In addition, the sample size used in this study was limited, due to the low population size of Markhoz goats. Thus, caution must be taken when interpreting the results of the present GWAS, especially for LSW trait.



Conclusion

To conclude, we found plausible candidate genes based on SNPs associated with the EBV of LSB in the Markhoz goats using the 50K Caprine SNP-chip for the first time. The significant SNPs and genes identified in the present study can be beneficial for future molecular-based breeding for increased litter size at birth in goats; however, due to the low sample size used in this study, the results should be interpreted with caution. It is noteworthy that a breeding program focused on the major variations for LSB would not necessarily increase the number of surviving progenies due to the extremely low heritability of LSW. There may be no net impact on LSW from the slight increase in litter size caused by the substantial variations due to reduced viability.
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The mountainous areas of Ethiopia represent one of the most extreme environmental challenges in Africa faced by humans and other inhabitants. Selection for high-altitude adaptation is expected to have imprinted the genomes of livestock living in these areas. Here we assess the genomic signatures of positive selection for high altitude adaptation in three cattle populations from the Ethiopian mountainous areas (Semien, Choke, and Bale mountains) compared to three Ethiopian lowland cattle populations (Afar, Ogaden, and Boran), using whole-genome resequencing and three genome scan approaches for signature of selection (iHS, XP-CLR, and PBS). We identified several candidate selection signature regions and several high-altitude adaptation genes. These include genes such as ITPR2, MB, and ARNT previously reported in the human population inhabiting the Ethiopian highlands. Furthermore, we present evidence of strong selection and high divergence between Ethiopian high- and low-altitude cattle populations at three new candidate genes (CLCA2, SLC26A2, and CBFA2T3), putatively linked to high-altitude adaptation in cattle. Our findings provide possible examples of convergent selection between cattle and humans as well as unique African cattle signature to the challenges of living in the Ethiopian mountainous regions.
Keywords: high altitude, hypoxia, Ethiopian cattle, adaptation, candidate gene, convergent evolution
INTRODUCTION
Ethiopia is endowed with diverse agro-climatic regions and altitudes that range from the lowest Afar depression (−160 m above sea level, masl) to the highest Semien Mountain (4,600 masl). The Ethiopian highlands are commonly found in the central part of the country, on both sides of the Rift Valley, extending from the Semien Mountain in the North to the Bale Mountain in the Southeast. Cold temperatures and humid weather are characteristics of the high-altitude plateaus in Ethiopia. Mixed livestock farming and crop cultivation are major agricultural activities for livelihoods. These environments are characterized by some unique agricultural production activities and food sources, providing cash income to the local communities (Asresie and Zemedu, 2015). Likewise, they have contributed to the diversity of Ethiopian livestock.
Human populations started to occupy the Ethiopian high plateau by migrating from the Rift Valley to the Bale Mountain in the Middle Stone Age around 50–30,000 years ago (Ossendorf et al., 2019). Overtime, people living in such environments have become adapted to high-altitude stressors, including hypobaric hypoxia, ultraviolet light, cold temperature, and oxidative stress (Beall et al., 2002; San et al., 2013; Debevec et al., 2017; Yang et al., 2017; Storz, 2021). The possible genetic basis of human adaptation to high altitudes in Ethiopia has been previously reported (Beall et al., 2002; Alkorta-Aranburu et al., 2012; Scheinfeldt et al., 2012; Huerta-Sánchez et al., 2013; Edea et al., 2019; Wiener et al., 2021). Likewise, evolutionary adaptations of livestock exposed to high altitudes are expected to be associated with major changes in the anatomy and physiological functions following a long period of acclimatization. For example, the yak Bos grunniens possesses a larger heart and lungs as compared to cattle (Wang et al., 2016), leading to a high amount of inhaled air to supply sufficient oxygen to the respiratory cell system. Uteroplacental oxygen flow at the fetal stage (Simonson, 2015), higher hemoglobin concentration in blood (Alkorta-Aranburu et al., 2012; Scheinfeldt et al., 2012), pulmonary vasoconstriction (Wang et al., 2016), ability to avoid altitude sickness (Dolt et al., 2007), calcium metabolism (Wang et al., 2015), and better foraging ability and energy metabolism (Qiu et al., 2012; Edea et al., 2014) may all contribute to the high-altitude adaptation in cattle and other livestock species.
High-altitude adaptation in animals relies on their genetic background attained through natural selection. Hypoxia induced factors such as HIF-1a and its paralogs of HIF-2a and HIF-3a are oxygen regulating factors in a hypobaric hypoxia environment and are thus considered candidate genes for high-altitude adaptation. The HIF-1a gene is over-expressed in cattle, yak, humans, and the Tibetan gray wolf living at high altitudes (Newman et al., 2011; Bigham and Lee, 2014; Zhang et al., 2014; Wang et al., 2016; Verma et al., 2018; Werhahn et al., 2018). The HIF-1a pathways include the endothelial PAS domain 1 (EPAS1), vascular endothelial growth factor-A (VEGF-A), endothelial converting enzyme-1 (ECE1), glucose transport members 1 (GLUT-1), hexokinase 2 (HK2), and nitric oxide synthesis (NOS2) genes. These are all expressed in cattle adapted to high altitudes (Verma et al., 2018), and they play an important role in maintaining oxygen homeostasis and glucose metabolism in mammals (Hu et al., 2006; Majmundar et al., 2010). Hypoxia-related genes, including EPAS1, RYR2, and ANGPT1, were identified in high-altitude Tibetan gray wolves, and they were associated with the HIF signaling pathway, ATP binding, and response to oxygen-containing compounds (Zhang et al., 2014). Using the Illumina bovine low-density 50K SNP array, a study on the Ethiopian cattle population living at an altitude of 2,400 masl identified energy metabolism (ATP2A3, CA2, MYO18B, SIK3, INPP4A, and IREB2) and response to hypoxia (BDNF, TFRC, and PML) genes as candidate genes to the adaptation of cattle to the high-altitude environments (Edea et al., 2014).
Physiological and genomic landscape studies have revealed convergent evolution in several species to independently adapt to high altitudes in different geographic locations across the world (Scheinfeldt et al., 2012; Huerta-Sánchez et al., 2013; Azad et al., 2017; Witt and Huerta-Sánchez, 2019; Friedrich and Wiener, 2020). For example, human populations in the Tibetan, Andean, and Ethiopian highlands shared common candidates selected regions and genes linked to high-altitude adaptation, such as PPARA and EDNRA (Scheinfeldt et al., 2012; Simonson, 2015; Witt and Huerta-Sánchez, 2019). However, ARNT2 and THRB were uniquely identified in the Ethiopian population (Scheinfeldt et al., 2012).
Only a few studies have reported the environmental adaptations of Ethiopian cattle at the full autosomal genome level (Kim et al., 2017; Kim et al., 2020). Though the bovine low-density SNP array (Edea et al., 2014) was the first to investigate Ethiopian cattle adaptation to different environments including hypoxia. However, it did not include high altitude adaptation of cattle population living at an altitude of >3,000 masl. Therefore, this study aimed to identify signatures of positive selection for high altitude adaptation in Ethiopian cattle using whole-genome resequencing. For this purpose, we selected three cattle populations from the highest mountainous areas (>3,000 masl) of the country (Bale, Choke, and Semien Mountain areas) (Table 1), and three Ethiopian cattle populations living at low altitudes.
TABLE 1 | Sampling location and cattle population description in the high and low altitudes.
[image: Table 1]MATERIALS AND METHODS
Cattle populations and whole-genome resequencing
The study involved a comparative analysis of indigenous cattle distributed at high altitudes (>3,000 masl) and low altitudes (<1,500 masl) in Ethiopia (Table 1). The high-altitude populations included Bale (n = 10) sampled in the Bale district (Bale Mountain, ∼3,586 masl), Semien (n = 10) in the Gondar district (Semien Mountain, ∼3,732 masl), and Choke (n = 10) in the Gojam district (Choke Mountain, ∼3,410 masl). The low-land populations included Afar (n = 11) sampled in the Afar district (∼729 masl), Ethiopian Boran (n = 10) from the Borana district (∼1,368 masl), and Ogaden (n = 9) from the Ogaden district (∼1,200 masl) (Figure 1).
[image: Figure 1]FIGURE 1 | The elevation map of Ethiopia and sampling locations for high and low-altitude cattle populations.
Whole blood samples were collected aseptically from the jugular veins of unrelated individuals into 10 ml vacuum tubes containing EDTA. Genomic DNA was extracted using the QIAGEN DNeasy Blood and Tissue Kit (https://www.qiagen.com/us/) following the manufacturer’s protocol. The DNA integrity was checked by a 1% agarose gel electrophoresis and observed under a UV light-based gel viewer. The concentration and quality of DNA for each sample were checked by using a DeNovix DS-11 FX Series Spectrophotometer/Fluorometer (DeNovix Inc., Wilmington, DE, United States). DNA samples (>50 μg/μl) were then shipped to Novogene, China (https://en.novogene.com/services/research-services/genome-sequencing/whole-genome-sequencing/animal-plant-whole-genome-sequencing-wgs/), where whole-genome sequencing was performed on an Illumina NovaSeq 6000 Platform (Illumina, San Diego, CA, United States) to generate 150 bp of paired-end reads. We included Gir (GenBank accession no. PRJNA343262), Angus (PRJNA318087), Muturu (PRJNA386202), and Butana (PRJNA574857) cattle for comparative analyses, following the same sequence quality control and variant calling procedures.
Read mapping and variant calling
The quality control of raw sequencing reads was performed using the FastQC v0.11.9 program (https://github.com/s-andrews/FastQC/releases/tag/v0.11.9). Qualified raw reads were processed for initial trimming and filtering of the low-quality reads by removing adapters, short reads (sequence length <35 bp), and reads with low sequence base quality (quality score <20) using the Trimmomatic v0.38 tool (Bolger et al., 2014). Clean reads were mapped to the latest taurine cattle reference genome of ARS-UCD1.2 (Shamimuzzaman et al., 2020) using the BWA-MEM algorithm of Burrows-Wheeler Aligner (bwa v0.7.17) (Li and Durbin, 2010).
Mapped reads were sorted and indexed using the samtools v1.8 (Li et al., 2009) to produce a BAM file. Alignment sorting by coordinate and marking of potential PCR and optical duplicates were carried out using the MarkDuplicates tool in Picard v2.18.2 package (http://picard.sourceforge.net). Base quality score recalibration (BQSR) and haplotype caller analysis were performed using the GATK v3.8-1-0-gf15c1c3ef according to its best practice workflows (McKenna et al., 2010). The known variants of ARS1.2PlusY_BQSR_v3.vcf.gz provided by the 1,000 Bull Genomes project were used for masking known sites for all cattle samples. The GATK PrintReads was run to adjust the base quality scores in the data based on information from the table and to produce a recalibrated bam file.
Then, the genomic variant call format (gVCF) file for each sample was created using the GATK HaplotypeCaller command from the recalibrated bam file, and all samples were combined to obtain a joint genotype file using the GATK CombineGVCFs. Finally, the variants were processed for variant recalibration with a 99.9 truth sensitivity filter level using the GATK to reduce false discovery rates that minimize the noise created by low standard variants. After all quality checking, approximately 36.6 million biallelic autosomal SNPs were identified and used for downstream analyses.
Population genetic structure
Principal component analysis (PCA) and admixture modeling were performed, based on the SNP genotypes, to determine the population genetic structure of indigenous Ethiopian cattle living in high and low altitudes. We used Angus, Gir, Muturu, and Butana cattle as reference breeds (European taurine, Asian zebu, African taurine, and non-Ethiopian zebu cattle). The dataset in the vcf file was first converted to a plink format (map, ped, and fam) after pruning the SNPs in linkage disequilibrium (LD) (r2 ≥ 0.5), minor allele frequency (MAF) (< 0.05), and missing genotype (call rate > 10%) based on a step-wise procedure using 50 SNPs windows and 10 SNPs steps. After the stringent variant quality check, 5.1 million autosomal SNPs with an average of 98.1% genotyping rate were used for admixture modeling with the Admixture v1.3.0 software (Alexander et al., 2009) to estimate the ancestry proportion of individual samples. The ancestral proportions in the hierarchical clustering of individual samples were optimized at the K values ranging from 2 to 10 and the admixture plot was visualized using the R package. For PCA, we removed SNPs with MAF < 0.01, SNPs with missing genotypes > 10%, and SNP calling rate < 90%. After this filtering, 25.5 million SNPs were used for PCA. The eigenvectors of each sample were calculated using PLINK 1.9 (Purcell et al., 2007) and the result was plotted with the ggplot2 in the R package.
Integrated haplotype homozygosity analysis
The phasing and imputation of missed genotypes were estimated per chromosome for each population using the Beagle v5.1 software (Browning and Browning, 2007). The length of homozygous haplotypes along a chromosome was used to estimate the LD decay. The extended haplotype homozygosity (EHH) from each SNP, which is the probability that two randomly chosen homologous chromosomes carrying the core haplotype of interest are identical by descent (Sabeti et al., 2002), was then calculated. The integrated haplotype score (iHS) compares the integrated EHH between the ancestral allele relative to the derived allele in a population (Voight et al., 2006). It detects selective sweeps when alleles are near fixation. The iHS analysis was done using the REHH v2.0 R package (Gautier et al., 2017) for alleles with MAF within a population > 0.05. A genomic window of 100 kb and a step size of 50 kb were used to identify candidate regions of selection signatures.
Cross-population composite likelihood ratio (XP-CLR)
XP-CLR test was done between cattle living at high and low altitudes using the haplotype phased data of each chromosomal window of 100 kb and a step size of 50 kb. The test is based on local allele frequency changes in a genomic region between the two groups. The method is most sensitive to recent selection and detects departures from neutrality that could be compatible with hard or soft selection sweeps (Chen et al., 2010).
Population branch statistic (PBS)
PBS analysis was employed to detect genomic regions under selection with highly divergent haplotypes (Yi et al., 2010). We run population differentiation (FST) analysis using the vcftools v0.1.15 (Danecek et al., 2011) between the Semien population for the highest altitude representative compared to Afar, Boran, and Ogaden cattle for the low altitude one, and the Sudanese Butana cattle as an outgroup. The top 0.5% of the candidate regions detected by the iHS and XP-CLR tests were used for PBS analysis. We estimated divergence time using a log-transformation of one minus the FST value for each comparison and calculated the PBS value using the method described in Huerta-Sánchez et al. (2013).
Functional annotation and haplotype structure of candidate genes
The candidate genomic regions were annotated using the taurine cattle reference genome ARS-UCD1.2 (Shamimuzzaman et al., 2020) in the Ensembl database (http://www.ensembl.org/index.html). The Database for Annotation, Visualization, and Integrated Discovery (DAVID, v6.8, https://david.ncifcrf.gov/home.jsp) was used to understand the biological functions and molecular pathways of the candidate genes (Huang et al., 2009), according to the minimum similarity thresholds for enrichment scores at 1.0 and p values ≤ 0.05. Further functional annotations were done from the literature published for humans and other vertebrates. Additional structural and functional analyses of the genomic regions of the candidate genes were evaluated using haplotype structure, LD, FST, nucleotide diversity, and STRING protein-protein interaction network database. The haplotype structure was estimated based on pairwise LD heatmap of the SNPs using the LDBlockShow (Dong et al., 2020). The FST and nucleotide diversity of the candidate gene regions were estimated using the vcftools v 0.1.15 (Danecek et al., 2011) in a 10 kb window and 5 kb step size to determine the strength and pattern of selection signatures between the high- and low-altitude cattle. Protein-protein interaction analyses were done using the STRING online platform for the cattle genome reference database (https://string-db.org/).
RESULTS
Population genetic structure
The PCA and admixture plots describe the population genetic structure of the indigenous Ethiopian cattle living in the high and low altitudes compared with European taurine cattle (Angus), African taurine (Muturu), Asian zebu cattle (Gir), and African zebu (Butana) (Figure 2A). The first and second principal components (PC) represent 57.8% of the total variation. The first PC (PC1, 41.4%) separates the zebu (Gir, Butana, and Ethiopian cattle) from the taurine (Angus and Muturu), while the second PC (PC2, 16.4%) differentiate the African zebu (Ethiopian cattle Butana) and Muturu from all non-African cattle (Gir and Angus) (Figure 2A). Next, a second PCA was conducted, excluding the reference cattle. The PC1 (11.8%) and PC2 (10.3%) differentiate the Ethiopian high-altitude (HA) from low-altitude (LA) cattle (Figure 2B). The population genetic admixture plot supports the PCA result, which separated cattle populations in the whole dataset into four ancestry clusters (Figure 3A). At K = 4, the genetic ancestry of the Ethiopian cattle was inferred to be 97.0% of African zebu, 1.6% Asian zebu (represented here by the Gir), 1.0% African taurine (Muturu), and 0.4% European taurine (Angus) (Figure 3B). A small shared European taurine component is observed in Bale, Choke, Semien, and Boran cattle. It is, however, higher (2.2%) in Ogaden cattle. The Afar and Boran populations have very little African taurine ancestry proportion. Butana cattle share a similar genetic background to other Ethiopian cattle. To explore potential genome-wide selection signatures for high-altitude adaptation, we analyzed the HA and LA cattle populations separately, following the Ethiopian cattle PCA results (Figure 2B).
[image: Figure 2]FIGURE 2 | A plot of the first and second principal components (PC1 and PC2) of (A) the whole population dataset and (B) Ethiopian high altitude (brown color: Bale, Choke, and Semien) and low altitude (black color: Afar, Boran, and Ogaden) cattle populations.
[image: Figure 3]FIGURE 3 | The plot of population genetic admixture analysis. (A) Cattle population in the whole dataset and (B) Ethiopian cattle ancestry proportion.
Selection signatures within Ethiopian high- and low-altitude cattle populations
We performed a genomic scan combining the three HA, as well as combining the three LA populations, using the within-population iHS test to identify recent and/or ongoing footprints of natural selection (Vatsiou et al., 2016). Using the REHH v2.0 R package, we calculated genome-wide iHS for each focal SNP from the phased data (Gautier et al., 2017). Subsequently, we summarized the selection statistics across a sliding 100 kb genomic window with a 50 kb step size. From the empirical distribution of iHS statistics, we applied a p-value threshold < 1.0E-6, equivalent to -log10 iHS ≥ 6, to select the candidate regions under selection (Figure 4A, Supplementary Table S1).
[image: Figure 4]FIGURE 4 | Manhattan plots of genome-wide scans based on the iHS test. (A) HA, high-altitude and (B) LA, low-altitude Ethiopian cattle populations.
There are 144 candidate selected regions across 29 autosomes within the Ethiopian zebu populations living in high altitudes (Supplementary Table S1). These regions vary in size from 150 to 750 kb. They overlap with 264 protein-coding genes based on the Ensembl taurine cattle assembly (ARS-UCD1.2) (Supplementary Table S1). Of these, 28 protein-coding genes were identified within the top 10 iHS regions. Most of these genes remain uncharacterized with the exception of ITPR2 on BTA5 (5:83.45–83.60 Mb, iHS −log10 p = 8.19), DUSP10 on BTA16 (16:25.05–25.20 Mb, iHS −log10 p = 8.24), and GTPase IMAP family members 4–7 genes (GIMAP4–7) on BTA4 (4:112.95–113.35 Mb, iHS −log10 p = 8.60). These annotated genes are possibly involved in high-altitude adaptation, especially the former two genes with functions linked to the response to hypoxia (ITPR2) and oxygen-containing compounds (DUSP10), respectively. GIMAP4, GIMAP5, and GIMAP7 functions are related to the immune response and hematopoiesis (Chen et al., 2011; Schwefel et al., 2013). They play a significant role in modulating immune functions by controlling cell death and the activation of T cells (Ho and Tsai, 2017).
To contrast the selection signatures of Ethiopian cattle living in high altitudes with the ones living at low altitudes, we performed an additional genomic scan based on the iHS in the three LA cattle populations at the same threshold (p-value < 1.0E-6). We identified only 20 candidate regions under selection (Figure 4B, Supplementary Table S2). These regions vary in size from 150 kb to 650 kb. They overlap with 50 protein-coding genes. Twenty-three (∼45%) were common with those identified in the HA populations. The common genes include 14 genes, mostly uncharacterized, present in the top 10 iHS regions, except for the three GIMAP family members, GIMAP 4, 5, and 7 genes. Among the remaining nine common genes, VEGFC and EP300 are possibly linked to the adaptation to high altitudes due to their functions in the vascular system (Herbert and Stainier, 2012; Huerta-Sánchez et al., 2013; Bigham and Lee, 2014; Azad et al., 2017; Zheng et al., 2017). However, due to the fewer candidate regions identified in the LA populations, we decided to increase the iHS threshold to p value < 1.0E-7, equivalent to -log10 iHS ≥ 5, which added 113 protein-coding genes, of which 63 were common in both HA and LA populations (Figure 4B, Supplementary Table S2).
Comparative genomic signatures between Ethiopian high- and low-altitude cattle populations
We further investigate the genomic footprints of natural selection in indigenous Ethiopian cattle by contrasting the allele frequency profiles between the HA and LA populations using the XP-CLR test. The top 0.5% XP-CLR scores (XP-CLR > 10) include 216 candidate windows of 100 kb size regions, from which 251 protein-coding genes were annotated (Supplementary Table S3). Unlike many uncharacterized genes within the iHS regions, the top 10 signals identified by the XP-CLR test include seven annotated genes (MSRB3, LEMD3, and WIF1 on BTA5, SLC26A2, HMGXB3, and CSF1R on BTA7, and RXFP2 on BTA12) (Figure 5). These are not found within the top high altitude iHS signals. Some have functions that may be related to high-altitude adaptation. For instance, MSRB3 is involved in cold tolerance in Arabidopsis and high-altitude adaptation in Tibetan dogs and sheep (Kwon et al., 2007; Vaysse et al., 2011; Wei et al., 2016; Witt and Huerta-Sánchez, 2019). This gene was also reported to protect cells from oxidative stress caused by hypoxia (Hansel et al., 2005) as well as from cold and heat stress (Lim et al., 2012). RXFP2 was reported to control horn type, development, and morphology (Pan et al., 2018; Ahbara et al., 2019; Liu et al., 2020) and linked to high-altitude adaptation to hypoxia in sheep (Guo et al., 2021).
[image: Figure 5]FIGURE 5 | Manhattan plot of genome-wide XP-CLR scores by contrasting the high- and low-altitude cattle populations.
There are 14 genes in common to both XP-CLR and iHS (HA) tests, (CLCA4, CLCA1, CLCA2, ITPR2, ABCB10, NUP133, GDA, GALNT13, ENSBTAG00000050002, COL14A1, AXDND1, B3GLCT, SOAT1, and ENSBTAG00000034225) (Table 2; Figure 7). These genes could be regarded as promising candidates subjected to natural selection for high-altitude adaptation in Ethiopian HA cattle. On the other hand, no shared candidate gene was found between the LA iHS cattle and the XP-CLR test.
TABLE 2 | List of overlapping regions and candidate genes identified using the iHS and XPCLR selection scan methods including, gene functions in reported species.
[image: Table 2]Functional annotation of genes under selection in Ethiopian high-altitude cattle populations
We conducted a functional annotation using the DAVID visualization tools, based on the Ensembl taurine cattle assembly (ARS-UCD1.2, to identify GO terms and KEGG pathways for the candidate genes that we detected in the Ethiopian HA cattle populations following iHS and XP-CLR analyses. Genes with fold enrichment >1.2 and p-value ≤ 0.05 were considered to be significant (Table 3). Several top candidate genes related to environmental stress such as hypobaric hypoxia, temperature, and UV radiation were clustered into important GO terms, including response to hypoxia (GO:0001666; p-value: 9.3E-06), response to oxygen-containing compound (GO:1901700; p-value: 1.0E-04), ion channel activity (GO: 0005216; p-value: 4.8E-06), glucose homeostasis (GO:0042593; p-value: 5.1E-03), and ATPase activity (GO:0016887; p-value: 1.3E-03), which are biological processes potentially relevant to high altitude adaptation. These findings are in line with previous reports on cattle and other species adapted to high altitudes (Remillard and Yuan, 2006; Edwards et al., 2007; Shimoda and Polak, 2011; Ge et al., 2013; Veith et al., 2016; Moore, 2017; Hu et al., 2019; Friedrich and Wiener, 2020).
TABLE 3 | Gene ontology (GO) clustering and enrichment analyses of candidate genes identified by genome-wide iHS and XP-CLR scans in the high-altitude cattle populations.
[image: Table 3]Low atmospheric oxygen concentration in the inhaled air causes low oxygen levels in the arterial blood reducing cellular energy production, which leads to cellular stress and then induces several factors to increase oxygen availability to cell mitochondria for energy homeostasis. Physiological homeostasis is established through increasing tissue oxygen supply by mounting vascular smooth muscle tone to withstand fast blood flow pressure by inducing the formation of additional blood vessels (angiogenesis), increasing the number of erythrocytes, and improving heme-binding affinity. Supporting these adaptive mechanisms, we identified candidate genes in the biological processes of erythrocyte homeostasis (GO:0034101; p-value: 1.0E-03), heme-binding (GO:0020037; p-value: 2.1E-02), and the regulation of blood pressure (GO:0008217; p-value: 2.1E-03) enhancement. The increases in erythrocyte, hemoglobin concentration, and heme-binding affinity enable more oxygen transportation to tissues in hypoxia-adapted animals (Storz, 2007; Zhang et al., 2007; Storz and Moriyama, 2008; Storz et al., 2010; Yalcin and Cabrales, 2012; Storz, 2016).
Identification of candidate genes associated with high-altitude adaptation
We further analyzed the candidate genes clustered into biological processes relevant to high altitude adaptation (Table 3) using the population branch statistics (PBS). We compared Semien cattle from the highest Ethiopian mountain area to each of the LA cattle populations (Afar, Boran, and Ogaden) using Butana cattle from the Sudanese arid region as an outgroup (see Materials and methods). The 10 kb window outliers from the PBS analysis represent the most differentiated genomic regions (PBS value ≥ 0.2). They overlap with SLC26A2, CLCA1, CLCA2, KCNJ8, GUCY1A2, and CBFA2T3 (Figure 6, Supplementary Table S4). These genes have possible roles in ion channel activity, renin secretion, response to hypoxia, response to oxygen-containing compounds, and heme-binding (Table 3). The genomic region within the SLC26A2 gene was the most differentiated in the PBS scans (Figure 6). SLC26A2 is a ubiquitously expressed SO42− transporter with high expression levels in cartilage and several epithelia (Ohana et al., 2012; Park et al., 2014). This gene is involved in body size and male fertility in humans (Kujala et al., 2007; Touré, 2019), and its mutations have been implicated in dwarfism (Yang and Liang, 2021) and dysplasia (Pineda et al., 2013; Zheng et al., 2019; Heidari et al., 2021).
[image: Figure 6]FIGURE 6 | The distribution of the population branch statistic (PBS) values in 10 kb genomic regions as a function of the number of SNPs.
In addition, CLCA2 and two other paralogs, CLCA1 and CLCA4, and ITPR2 were the only four candidate genes detected by the three genomic scans (Figure 7, Supplementary Table S5). Moreover, the variants within the CLCA2 in the HA populations showed a higher level of linkage disequilibrium (LD) compared to the LA populations (Figure 8). Similarly, the nucleotide diversity and population differentiation plot show the CLCA2 gene region with significant variation compared to regions of the two paralog genes (Figure 9). Therefore, we considered CLCA2, ITPR2, SCL26A2, and CBFA2T3 as strong candidate genes putatively linked to high-altitude adaptation in Ethiopian cattle.
[image: Figure 7]FIGURE 7 | Candidate genes supported by the iHS, XP-CLR, and PBS analyse in high-altitude (HA) and low-altitude (LA) cattle populations.
[image: Figure 8]FIGURE 8 | LD block heatmap of the candidate genes of CLCA2 (A) and SLC26A2 (B) in the high-altitude (1) and low-altitude (2) cattle populations.
[image: Figure 9]FIGURE 9 | Plots of the nucleotide diversity within and FST values between the genomic regions of CLCA2 (A) and SCL26A2 (B) in high-altitude (HA) and low-altitude (LA) cattle populations.
Other genes of interest include GO terms linked to the response to hypoxia (Table 3). These include MB (BTA5: 73.81–73.82 Mb), CBFA2T3 (BTA18: 14.05–14.1 Mb), and SRF (BTA23: 16.77–16.78 Mb) from XP-CLR scans results, ARNT (BTA3: 19.8–19.9 Mb) and VEGFC (BTA27: 8.0–8.1 Mb) from iHS scans results, and ITPR2 from both XP-CLR and iHS scan results. ARNT is involved in the positive regulation of vascular endothelial growth factor (VEGF) activation. VEGFC, a VEGF homolog, is involved in regulating endothelial cell proliferation and angiogenesis in response to the low oxygen concentration in the arterial blood (Kumar et al., 2011; Herbert and Stainier, 2012; Ramakrishnan et al., 2014).
ARNT also enhances endothelial cell growth in the vascular line and it is expressed during the early phase of the growth of new blood vessels (angiogenesis) (Scheinfeldt et al., 2012; Geng et al., 2014; Graham and Presnell, 2017). Protein-protein interaction network analysis shows that ARNT interacts with hypoxia-inducible factors such as HIF1a, EPAS1, EP300, and its paralog CREBBP (Figure 10). CBFA2T3 is clustered in response to hypoxia and functions as a transcription regulator of HIF1a through interaction with EGLN1 and promoting the HIF1a prolyl hydroxylation-dependent ubiquitination and proteasomal degradation pathways (Kumar et al., 2015). It also contributes to the inhibition of glycolysis and the stimulation of mitochondrial respiration by down-regulating the expression of glycolytic genes as direct targets of HIF1a (Kumar et al., 2013).
[image: Figure 10]FIGURE 10 | Protein-protein network of ARNT. The genes show several protein interaction networks interacting with hypoxia induced factors (HIF1a, EPAS1, CREBBP, and EP300).
DISCUSSION
This study aimed to unravel at the autosomal genome level the adaptation of Ethiopian indigenous cattle to the extreme environmental conditions of its mountainous areas. We studied specifically three cattle populations of Semien, Bale, and Choke living in a mountainous area of more than 3,000 masl by contrasting them with the indigenous cattle population from the Ethiopian lowlands. Population genetic structure validated the African zebu admixture of indicine and taurine status of all the studied indigenous Ethiopian cattle (Figure 1), while the PCA result shows some level of genetic differentiation between the high-altitude Ethiopian cattle populations from those originating from the low altitude locations (Figure 2B). We then applied the iHS, XP-CLR, and PBS methods to detect selection signatures within and between the Ethiopian cattle populations living at high and low altitudes. Finally, additional comparisons of the candidate genomic regions between the high- and low-altitude cattle populations were carried out based on their nucleotide diversity, population differentiation, and haplotype LD heatmap differences for a detailed exploration of the high altitude adaptation.
Novel candidate gene identified in this study
We identified three novel strong candidate genes (CLCA2, SLC26A2, and CBFA2T3) (Figure 6) for high altitude adaptation along with the previously reported ITPR2 gene. The functional analysis clustered the candidate genes into ion channel activity (CLCA2, SLC26A2, and ITPR2), response to hypoxia (ITPR2 and CBFA2T3), and renin secretion KEGG pathway (CLCA2) (Table 3). The renin pathway and ion channel activity regulate smooth muscle tone and epithelial secretion in response to hypoxia (Al-Hashem et al., 2012; Palubiski et al., 2020) by controlling arterial blood flow pressure (Shimoda and Polak, 2011). Hypoxia induces the expression of CLCA2 in the pulmonary artery smooth muscle of rats and controls cell proliferation and apoptosis in the ERK1/2-MAPK signaling pathway (Huang et al., 2017; Zhao et al., 2017). Similarly, the renin secretion pathways maintain the amount of plasma renin and aldosterone concentration by modulating the normal relationship between plasma osmolality and plasma vasopressin concentration in humans (Bestle et al., 2002; Savoia et al., 2011). The renin-angiotensin and vasopressin function is stimulated by increased blood pressure caused by vesicular smooth muscle tone (Chassagne et al., 2000) to regulate high blood flow to balance cellular oxygen demand.
SLC26A2 showed the highest PBS value in the high-altitude cattle populations (Figure 6). The haplotype LD heatmap, nucleotide diversity, and population differentiation index all supporting positive selection at the genome region overlapping with the gene (Figures 8, 9). The function of this gene is related to ion transport, and it plays a role in chondrocyte proliferation, differentiation, and growth in endochondral bone formation (Park et al., 2014). In humans, it regulates body size, and its recessive allele contributes to the dwarfism phenotype (Yang and Liang, 2021) and dysplasia (Pineda et al., 2013; Zheng et al., 2019; Heidari et al., 2021). A previous study reported a dominant allele at SLC26A2 linked to higher heels and stronger claws in dairy cattle, while mutation at the gene causes dysplasia (Brenig et al., 2003). Considering the rugged and rocky terrain of the Ethiopian highlands, strong claws and high heels may prove advantageous. Further phenotypic characterization of the Ethiopian highland cattle may support this interpretation. The short stature and small body size of cattle observed in the Ethiopian high-altitude cattle confer the evidence. Though confirmatory analysis is required to differentiate the nature of short stature and small body size for HA adaptation in Ethiopian cattle, it could be a possible mechanism of the cold and high-altitude adaptation as it was reported in humans adapted to high altitude (Ma et al., 2019).
Candidate convergent genome evolution between cattle and humans living in the Ethiopian highlands
The human population in Ethiopia occupied the high altitudes thousands of years ago, expanding from the lower Rift Valley in the early Pleistocene age (Aldenderfer, 2006). Archaeological evidence suggests that humans inhabited Bale Mountain approximately 50–30 thousand years ago (Ossendorf et al., 2019). Today, the human communities occupying the high altitude areas where the cattle samples were collected are the Oromo (Bale Mountain) and the Amhara (Semien and Choke mountains). The beginning of the settlement of the Amhara to these high-altitude regions is thought to have started around 5,000 years (Alkorta-Aranburu et al., 2012), while the settlement of the Oromo people was since early 1500s as reported by Hassen (1990) (cited in Alkorta-Aranburu et al., 2012; Huerta-Sánchez et al., 2013). The settlers in these territories were agrarian and had close interaction with their animals as sources of food and means of food production. Both humans and cattle living in the Ethiopian high altitudes share similar environmental challenges. Humans and ruminants living at high altitudes can be exposed to extended hypoxia stress and develop high-altitude sicknesses that may lead to high-altitude pulmonary hypertension (Friedrich and Wiener, 2020). For example, reports have indicated that cattle exposed to high altitudes may develop brisket disease caused by hypoxia (Newman et al., 2011; Wuletaw et al., 2011). Besides hypoxia, UV light and cold temperatures have been reported as major risk factors that challenge the survival of humans and other species in high altitude environments. Through a long-term evolutionary process, these risk factors may have induced positive selection pressures for physiological and morphological features that contribute to the evolutionary adaptation to high altitude environments (Witt and Huerta-Sánchez, 2019). Candidate genes detected in Ethiopian people living at high altitudes (Huerta-Sánchez et al., 2013), including ITPR2, ARNT, EP300, MB, and HMOX1, were also detected in Ethiopian cattle living in similar environments, supporting a convergent evolution between these two mammalian species.
Previous studies on the Ethiopian human population adapted to high altitudes have reported the ITPR2 gene (Huerta-Sánchez et al., 2013) as a candidate gene. The ITPR2 is also one of the candidate genes detected in HA cattle populations. It regulates vascular endothelial cells and intracellular calcium ion channel activity (Manalo et al., 2005; Jurkovicova et al., 2008). Following hypoxia, the cardiovascular system will increase blood flow by increasing pressure through vasoconstriction, increased heart rate, and myocardial contractility (Parati et al., 2015). These adaptive physiological mechanisms will enhance the supply of blood oxygen to tissues. ITPR2 increases intracellular calcium concentration in vascular smooth muscle and it controls vasoconstriction avoiding pulmonary hypertension (Remillard and Yuan, 2006; Newman et al., 2011; Lai et al., 2015). ITPR2, as part of the calcium gated channel activities, also enhances endothelial cell proliferation lining and it triggers the vasculature and remodeling of the arterial tone to control the high blood pressure following hypoxic exposure (Makino et al., 2011; Hübner et al., 2015).
High altitude adaptation also depends on the concentration of hemoglobin in red blood cells and its affinity to oxygen in tissues (Alkorta-Aranburu et al., 2012). Also, increasing the number of erythrocytes will lead to higher hemoglobin concentration at the tissue level (Siebenmann et al., 2015). The candidate MB gene (Table 3) has been reported to play a role in increasing the hemoglobin concentration in muscle (Fraser et al., 2006; Jaspers et al., 2014) and increasing oxygen storage and binding affinity in hypoxic conditions (Hoppeler and Vogt, 2001; Li et al., 2018). This myoglobin gene was also reported under selection in the Ethiopian and Tibetan human populations living in highlands (Beall et al., 2002; Moore et al., 2002; Alkorta-Aranburu et al., 2012; Scheinfeldt et al., 2012). The gene is involved in erythrocyte homeostasis and regulates the level of hemoglobin (Avivi et al., 2010) in response to high altitude adaptation.
Selection signatures overlap between Ethiopia cattle and other species adapted to high altitudes
Several studies have reported candidate positive selection signatures for high-altitude adaptation in different species. Here, besides the overlap with human candidate selected regions, we identified several candidate regions which aligned with genes reported under selection in other species adapted to high altitudes. They include MSRB3 with the highest XP-CLR score in our study and MC1R previously reported under selection in Ethiopian highland sheep (Edea et al., 2019). The MSRB3 gene was also reported in Tibetan dogs and sheep (Vaysse et al., 2011; Wei et al., 2016; Witt and Huerta-Sánchez, 2019). It has a pleiotropic effect in being involved in the ossification and adipose tissue development in cattle (Saatchi et al., 2014). It has also been linked to ear size in Tibetan sheep (Wei et al., 2016), pigs (Zhang et al., 2015), and dogs (Vaysse et al., 2011). The MSRB3 gene also protects cells from oxidative stress caused in mammals by hypoxia (Hansel et al., 2005), while it is linked to cold and heat tolerance in Drosophila (Lim et al., 2012) and cold tolerance in Arabidopsis (Kwon et al., 2007). Cold temperature is one of the environmental stressors that trigger animal cells to transduce energy to adapt to cold temperatures.
Last but not least, among the genes present within candidate genomic regions detected by both XP-CLR and iHS analyses, we do have ABCB10 (Table 3). This gene was previously reported in candidate selected regions in humans, and several other species, including cattle (Bayeva et al., 2013; Martinez et al., 2020). Its function is related to iron metabolism and heme biosynthesis (Haase, 2010; Shah et al., 2013; Yamamoto et al., 2014; Seguin and Ward, 2018). ABCB10 is also involved in the transport of heme out of the mitochondria, before hemoglobinization of erythropoietic cells (Liesa et al., 2012; Bayeva et al., 2013).
CONCLUSION
Despite the particularly challenging environmental conditions of the high-altitude Ethiopian highlands and the relatively recent arrival of African indicine cattle in these areas, we identified several genomic regions with evidence of positive selection for high-altitude environment adaptations at the autosomal level. These include genes previously reported in other mammalian species, including humans, living in high altitude areas in Ethiopia or other parts of the world, as well as in Ethiopian-specific cattle genomic regions. Our results show that these indigenous livestock populations are locally adapted, and they have developed a physiological mechanism to cope with the environmental challenges of hypoxia, UV radiation, and cold temperature. It calls for the conservation of these indigenous cattle adaptations as well as for their utilization in breeding programs combining the improvement of productivity with adaptability.
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Buffalo is an economically important livestock that renders useful services to manhood in terms of meat, milk, leather, and draught. The Xilin buffalo is among the native buffalo breeds of China. In the present study, the genetic architecture and selection signature signals of Xilin buffalo have been explored. Correlation analysis of the population structure of Xilin buffalo was conducted by constructing NJ tree, PCA, ADMIXTURE and other methods. A total of twenty-five (n = 25) Xilin buffalo whole genome data and data of forty-six (n = 46) buffaloes published data were used. The population structure analysis showed that the Xilin buffalo belong to the Middle-Lower Yangtze. The genome diversity of Xilin buffalo was relatively high. The CLR, π ratio, FST, and XP-EHH were used to detect the candidate genes characteristics of positive selection in Xilin buffalo. Among the identified genes, most of the enriched signal pathways were related to the nervous system and metabolism. The mainly reported genes were related to the nervous system (GRM5, GRIK2, GRIA4), reproductive genes (CSNK1G2, KCNIP4), and lactation (TP63). The results of this study are of great significance for understanding the molecular basis of phenotypic variation of related traits of Xilin buffalo. We provide a comprehensive overview of sequence variations in Xilin buffalo genomes. Selection signatures were detected in genomic regions that are possibly related to economically important traits in Xilin buffalo and help in future breeding and conservation programs of this important livestock genetic resource.
Keywords: Xilin buffalo, genomic diversity, population structure, genetic signatures, whole genome sequencing
1 INTRODUCTION
Domestic buffaloes are predominantly distributed in Asian countries. According to behavior and chromosome karyotype, domestic buffaloes are divided into two types: riverine buffalo (Bubalus bubalis, 2 n = 50) and swamp buffalo (Bubalus bubalis carabanensis, 2n = 48) (Fischer and Ulbrich, 1967). As an important economic livestock species in the world, the important traits e.g., milk production, growth, reproduction, hair color, etc. Have been focused previously as important indicators for selection (Liu et al., 2018). From the year 1999–2019, the number of buffalo increased by about 25.9% which in turn increased milk production by 106% and buffalo beef production by 45% (Di Stasio and Brugiapaglia, 2021). In addition, buffalo is a good drought animal that compensate for about 20%–30% of the agricultural labor force (Michelizzi et al., 2010). Although with the popularization of mechanization, the role of buffalo as a servant has been gradually replaced, it is still the most important source of labor in some remote mountainous areas in southern China. The buffaloes are used for plowing the agricultural land, particularly paddy rice fields. In addition, buffaloes are used in a cart for transporting heavier goods as compared with cattle (Michelizzi et al., 2010).
The Xilin buffalo is mainly produced in the plateau and mountainous areas of Xilin Longlin and Tianlin County of Guangxi. It is one of the local buffalo varieties in Guangxi. Due to the influence of natural ecological and environmental conditions and local socioeconomic activities, it is gradually formed after long -term natural selection and artificial selection. The Xilin buffalo is characterized by a large body size, gentle temperament, strong farming ability, good growth and development, efficient consumption of roughages, good mountain climbing, strong adaptability, and disease resistance (He et al., 2011). At the present, there is a single germplasm conservation farm in the main producing area which is primarily used for the production of hybrid females by crossing the local buffaloes with foreign excellent varieties (such as Murrah buffalo and Italian buffalo, mainly Murrah buffalo) for improvement of milk and meat production.
With the development of whole genome resequencing (WGS) technology, the reduction of sequencing cost, the genetic structure, evolutionary history, origin, and domestication of domestic animals such as pigs, cattle and sheep, etc. Have been widely and systematically studied become possible as an effective cost tool (Stothard et al., 2011).
Many WGS-based buffalo studies initially concentrated on the economically relevant characteristics of commercial breeds (Li et al., 2020). The genetic characteristics and selection pressure signals of Xilin buffalo have not been deeply studied by using WGS data earlier. The study on the genetic structure and population history of Xilin buffalo is helpful to analyze the genetic basis of adaptability and other traits and provides a theoretical basis for the improvement and conservation of Xilin buffalo varieties.
2 MATERIALS AND METHODS
2.1 Sample collection and sequencing
Blood and ear tissue samples were collected from the native home tract (Xilin County of Guangxi Province, China) of pure Xilin buffaloes (n = 25). The genomic DNA was extracted by the standard phenol-chloroform method (Green and Sambrook, 2012) and subjected to Illumina NovaSeq sequencing at Novogene Bioinformatics Institute, Beijing, China. By using pair-end sequencing technology an average insertion size of 500 bp was constructed for each sample and the average reading length was 150 bp. In addition, 46 published whole-genome sequences data of swamp buffalo including Guizhou white (n = 10), Binhu (n = 3), Fuzhong (n = 11), and Mediterranean (n = 22) were downloaded from NCBI(PRJNA547460) which fully described the characteristics of population structure, genetic diversity, single nucleotide polymorphisms (SNPs), and natural or artificial selection. The details of the five varieties are listed in Table 1.
TABLE 1 | Sample information of 71 buffaloes from 5 buffalo breeds.
[image: Table 1]2.2 Construction of buffalo pseudo chromosome
In the present study, the published buffalo data were obtained from the reference genome assembly of buffalo (GCF_000471725.1) from NCBI. However, due to the complexity of the data, it is only assembled to the scaffold level. If it is directly used for comparison and subsequent analysis, it will lead to a double increase in computing and storage resources. Therefore, this study used the method of artificial connection of pseudo chromosomes. The reference genome is connected to 24 + X + unplaced chromosomes which can reflect the authenticity of chromosomes to the greatest extent (Amaral et al., 2008).
2.3 Genome wide alignment and variation detection
The sequenced reads after quality control were compared to the constructed buffalo pseudo chromosome by BWA-MEM (Li and Durbin, 2009), and repeated reads introduced by PCR were removed by Picard. The genome-wide high-quality genetic variation was detected by GATK (version 3.6-0-g89b7209) (Nekrutenko and Taylor, 2012) where the filtering conditions of SNP were as follows: (1) QD (Quality by Depth) < 2; (2) variants with FS (Phred-scaled p-value using Fisher’s exact test to detect strand bias) > 60 were filtered; MQRankSum (Z-score From Wilcoxon rank sum test of Alt vs. Ref read mapping qualities) < 12.5; (4) ReadPosRankSum (evaluate the reliability of variation by the position of variation in read) < −8; (5) MQ (RMS Mapping Quality) < 40.0; (6) Mean sequencing depth > 3x or < 1/3x (7) SOR (StrandOddsRatio) > 3.0; (8) maximum missing rate < .1; (9) SNP is strictly limited to double alleles. The Annovar software was used to annotate the variant information.
2.4 Analysis of buffalo population structure
First, VCF files of SNPs of 71 buffalo were converted into corresponding Plink files (bed. bim. fam by using vcftools) and PLINK (version 1.9) (Purcell et al., 2007) software were used to filter out the linkage disequilibrium sites with R2 greater than .2. The parameter is set as: -- indep pairwise 50 50.2. The filtered data were used to construct NJ tree, PCA, ADMIXTURE and other population structure-related analyses. In order to clarify, the phylogenetic relationship of 71 Buffalo, adjacency tree (NJ phylogenetic tree) (Yu et al., 2021) is constructed in this study. The genetic distance matrix is calculated by using the parameter “-- distance matrix” of PLINK 1.9 and then the matrix is transformed into. meg format, which will get imported .meg format into the MEGA6.0 software. Build the NJ phylogenetic tree and set the bootstrap value to 1000. Finally, using online iTOL (https://itol.embl.de/), the tool displays the obtained phylogenetic tree and beautifies it. The software package EIGENSOFT V5.0 and SmartPCA (Patterson et al., 2013) were used for PCA analysis of filtered buffalo autosomal SNP data sets. The significance of each eigenvector is calculated by the Tracy-Widom test. Admixture v. 1.3.0 (Alexander et al., 2009) was used to analyse the ancestral components of 71 buffalo autosomal SNP data sets. This study simulates that from k = 2 to k = 5. The bootstrap value of each k value was set to 20 and the optimal value was finally obtained according to the Cross-Validation (CV) value.
2.5 Genetic diversity, linkage disequilibrium and ROH detection
We used VCFtools to estimate the nucleotide diversity of each breed in window sizes of 50 kb with 50 kb increments. The Linkage disequilibrium (LD) decay with the physical distance between SNPs was calculated and visualized by using PopLDdecay software with default parameters (Rahimmadar et al., 2021). The run of homozygosity (ROH) was identified using the--homozyg option implemented in PLINK which slides a window of 50 SNPs (-homozyg-window-snp 50) across the genome estimating homozygosity (Makanjuola et al., 2021). The following settings were performed for ROH identification: (1) required minimum density (−homozyg-density 50); (2) number of heterozygotes allowed in a window (−homozyg-window-het 3); (3) the number of missing calls allowed in window (−homozyg-window-missing 5). The number and length of ROH for each breed were estimated and length of ROH was divided into three categories: .5–1 Mb, 1–2 Mb, 2–4 Mb. (Forutan et al., 2018). FROH is calculated by calculating the ratio of the total length of ROH fragments in the genome to the total length (LROH) of the genome (Lauto). The formula is as follows: FROH = ∑ LROH/Lauto
2.6 Selective scanning recognition
We adopted the following strategies for genome scanning of Xilin buffalo. First, we utilized nucleotide diversity (θπ) (Hudson, 1992) and the composite likelihood ratio test (CLR) (Nielsen et al., 2005) to detect the selection characteristics of Xilin buffalo. By using VCFtools, the nucleotide diversity was estimated using a sliding window of 50 kb and a step size of 20 kb. We used SweepFinder to calculate the CLR test of the sites in the non-overlapping 50 kb window in order to calculate the empirical p-value of π and CLR window and take the overlapping part of the first 1% window of each method as the candidate mark for selection.
Second, we performed comparisons between Xilin buffalo and Mediterranean buffalo using fixation index (FST) (Hudson, 1992) and cross-group extended haplotype homozygosity (XP-EHH) (Sabeti et al., 2007). FST analysis was calculated in 50 kb windows with a 20 kb step using VCFtools (Danecek et al., 2011). XP-EHH statistics based on the extended haplotype was calculated for each population pair using selscan v1.1 (Szpiech and Hernandez, 2014). For XP-EHH selective scanning, our test statistic is the average normalized XP-EHH score of each 50 kb region. An XP-EHH score is directional: a positive score suggests that selection is likely to have happened in Xilin buffalo, whereas a negative score suggests the same about reference population. Significant genomic regions were identified by p-value < .01. Genomic regions identified by at least two methods were considered to be candidate regions of positive selection.
To better understand, the gene function and signaling pathways of the identified candidate genes, KOBAS 3.0 was used for GO and KEGG pathway enrichment analysis (Shen et al., 2019). Only when the corrected p-value < .05, were the GO and KEGG pathways considered significantly enriched.
3 RESULTS
3.1 Identification of single nucleotide polymorphisms
In this study, individual genomes of 25 Xilin buffaloes were generated to ∼ 12.1 × coverage each and were jointly genotyped with publicly available genomes of three buffalo populations from different regions of China and Mediterranean Buffalo (Italy), and the average mapping rate was 99.37% (Supplementary Table S1). In total, ∼ 5.0 billion reads of sequences were generated. Using BWA-MEM, reads were aligned to the buffalo reference genome sequence (GCA_000471725.1) with an average of 10.6 × coverage. We annotated 28,347,965 biallelic SNPs found in 71 buffaloes. genomic annotation for showing the location of those SNPs that most of the SNPs existed in the intron region (65.532%) or intergenic region (19.514%). The exon contains merely 2.15% of the total SNPs with 529,920 synonymous SNPs (Supplementary Table S3).
3.2 Population genetic structure and genetic relationship
At present, there are ∼202 million buffaloes in the world, mainly distributed in Asia (196 million, accounting for 97.0%), Africa (3.4 million) and South America (∼2 million). (Zhang et al., 2007). According to the previous research of Sun et al. (2020), Asian buffaloes are divided into five regions according to their geographical distribution: the upper reaches of the Yangtze River, the middle and lower reaches of the Yangtze River, Southwest China, Southeast Asia and South Asia, and added Italy (Mediterranean buffalo). NJ phylogenetic tree was constructed from the whole genome data of 71 buffalo. As shown in (Figure 1A), the different colors represent buffaloes in different regions. These 71 buffalo are mainly divided into two branches: swamp and river buffalo. As for swamp buffalo is concerned, the buffalo in the same geographical area gather together. Some individuals are in the middle of the two types of buffalo in the phylogenetic tree which represents the hybrid individuals produced by the hybridization of the two types of buffalo. Principal component analysis (PCA) was used to further explore the genetic relationship between different buffalo populations. The results of PCA show that PC1(13.74%) and PC2(2.70%) distinguish riverine from swamp buffalo and the results of PC3(2.48%) show that Xilin buffalo is more similar to Middle lower Yangtze buffalo which is consistent with the literature (Figures 1B, C).
[image: Figure 1]FIGURE 1 | Population structure and relationships of Xinlin Buffalo. (A) Model-based clustering of buffalo using the ADMIXTURE program with K = 2 to 4(X). (B) Neighbour-joining tree of buffaloes constructed using whole-genome autosomal SNP data. (C) Principal component analysis (PCA) showing PC1 against PC2. The X axis represents PC1, and the Y axis represents PC2.
The whole genome data of 71 buffalo were analyzed by ADMIXTURE in order to perform ancestral component analysis (Figure 1A). When there is k = 2 it indicates the buffaloes of riverine and swamp origin. When there is k = 3, it shows that swamp buffaloes can be divided into two groups: Middle-Lower Yangtze buffalo (green) and Upper Yangtze buffalo (blue). When k = 4, it represented that the Xilin buffalo is classified as Yangtze River buffalo.
3.3 Genomic variation pattern
The runs of homozygosity (ROH) are a continuous homozygous region in the DNA sequence of diploid organisms. We used ROH to evaluate the homozygosity of each individual. To evaluate the ROH patterns of Xilin buffalo and other buffalo breeds, we divided the length of ROH into three categories: .5–1 Mb, 1–2 Mb, and 2–4 Mb. A long ROH is the result of blood mating, while a shorter ROH reflects the influence of distant ancestors. The identified ROH length was mostly between .5 and 1 Mb (ROH diagram) (Figure 2A). The π map showed that the nucleotide diversity of the Xilin buffalo was the highest, followed by that of the Binhu buffalo, Fuzhong buffalo, Mediterranean buffalo, and Guizhou white buffalo (Figure 2B). The inbreeding degree of the inbreeding population is usually measured by the average inbreeding coefficient of the population. The inbreeding coefficient refers to the degree of gene purification expressed as a percentage according to the number of generations of inbreeding. According to the results in the figure, the average locus of Mediterranean buffalo is the highest, indicating that the population was first and most stable through artificial breeding, and the inbreeding coefficient of other breeds is close (Figure 2C). The whole genome average linkage disequilibrium (LD) of the Xilin buffalo is the lowest, and the LD value of the Binhu buffalo is the highest. Due to the different genetic backgrounds of different populations with the same population type and species, the decay rate of LD is also very different. Domestication selection will reduce the genetic diversity of the population and strengthen the correlation (linkage degree) between loci. Therefore, in general, the higher the degree of domestication, the greater the selection intensity, and the slowest rate of LD attenuation (El et al., 2021) (Figure 2D).
[image: Figure 2]FIGURE 2 | Summary statistics for genomic variation: (A) The distribution of the total number of ROH across chromosomes. (B)Genome-wide distribution of nucleotide diversity of each breed in 50 kb windows with 20 kb steps. (C) Inbreeding coefficient from each breed. (D) Genome-wide average LD decay estimated from each breed. The X axis is the physical distance (kb), and the Y axis is the LD coefficient (r2).
3.4 Functional enrichment analysis of specific SNP in Xilin buffalo
In this experiment, four methods (FST, π ratio, XP-CLR, XP-EHH) were used to detect the selection signal of Xilin buffalo by comparing the Xilin buffalo population with the Mediterranean buffalo population (Figure 3). Among the four methods, if a gene was significantly detected by at least two methods (p < .005), the gene was regarded as a real candidate gene.
[image: Figure 3]FIGURE 3 | Genome-wide selection scan in Xilin buffalo using sliding window analysis (50 kb window size, 20 kb step size, 99th percentile cut-off). (A). Selection signatures in Xilin buffalo for CLR (Mediterranean and Xilin). (B). Selection signatures in Xilin buffalo for π-ratio (Mediterranean and Xilin). (C) Selection signatures in Xilin buffalo for XPEHH (Mediterranean and Xilin). (D) Selection signatures in Xilin buffalo for XPCLR (Mediterranean and Xilin). The thresholds (top 1%) of FST, π-ratio, XPEHH and XPCLR are marked with a horizontal black line.
A total of 113 genes were screened and many KEGG pathways and Gene Ontology (GO) related to nerves and exercise endurance were significantly enriched (corrected p-value<.05). The KEGG pathway is significantly related to the nervous system with the glutamatergic synapse. The GO enrichment analysis detected many nerves and muscle-related GO entries, including ’Nervous system development, GO:007399′, ‘Neuronal projection, GO: 0043005’, ‘actin binding, GO:003779’, which reflect the nervous system and endurance played an extremely important role in the domestication and breeding of the Xilin buffalo.
3.5 Genome wide selective scanning test
Nucleotide diversity analysis (θ π) and complex likelihood ratio (CLR) were used to detect the selection-related genomic regions in the Xilin buffalo population. A total of 1121 (θ π) and 677 (CLR) (Figure 4A) genes were identified in Xilin buffalo with 357 overlapped. One of the most significant pathways (p-value < .05) was the Regulation of actin cytoskeleton which contained five genes (CYFIP1, ITGA2B, ARHGEF4, CHRM3, CHRM2) related to beef tenderness, feed efficiency and compensatory gain (Xia et al., 2021). Based on the gene ontology analysis of Xilin Buffalo, it is found that Xilin Buffalo has increased the GO category, including ‘microtubule anchoring’ (MAST1, DAG1, PEX14), ‘Proteasome mediated ubiquitin-dependent protein catabolism’ (SMURF1, WWP1, PSME2, PSME1, DCAF11, HERC2, PSMC5).
[image: Figure 4]FIGURE 4 | Analysis of the signatures of positive selection in the genome of Xilin Buffalo (A) Venn diagram showing the gene overlap among θπ, XPCLR, FST and XP-EHH. (B) Haplotype pattern heatmaps of the TP63 gene region. (C) Haplotype pattern heatmaps of the CSNK1G2 gene region. (D) Haplotype pattern heatmaps of the KCNIP4 gene region. The major allele at each SNP position in Xilin buffalo is colored in yellow, the minor one in green.
FST and XP-EHH tests were used to detect the positive selection characteristics of Xilin and riverine (Mediterranean) buffaloes Through the analysis, 1557 and 2123 hypothetical favorable positive selection genes were obtained from FST and XP-EHH methods, respectively, and 358 genes were obtained from both methods.
38 overlapping genes were detected in the above four selection methods which indicates that these genes have strong selection ability in the Xilin buffalo (Figure 4A). It is worth noting that (CSNK1G2, TP63), CSNK1G2 is related to spermatogenesis, MFG-E8 is a sign of high milk production in dairy animals, TP63 participates in breast secretion by activating MFG-E8, and RB1 is related to the formation of bovine intramuscular fat (marbling) (Lim et al., 2013).
4 DISCUSSION
Understandings the characteristics of population structure and genetic diversity is very important for genetic evaluation, environmental adaptation, utilization, and protection of genetic resources of cattle breeds. In the present study, the whole genome sequences of 25 Xilin buffaloes were analysed. According to the geographical distribution, the buffalo are divided into six geographical regions: Upper Yangtze, middle lower Yangtze, Southwest China, Southeast Asia, South Asia, and Italy. Through ADMIXTURE analysis, we proved that the Xilin buffalo belongs to the Yangtze River.
The nucleotide diversity level of Xilin buffalo was slightly higher than the other breeds (average θπ = .0017). The relatively high genomic diversity of Xilin buffalo might be related to its weak and short selection history. The Xilin buffalo showed a similar structural heritability to Fuzhong Buffalo which is related to its similar geographical location and genetic background. In addition, the LD attenuation pattern of each variety was basically consistent with the results of nucleotide diversity. The ROH distribution pattern of Xilin buffalo was analyzed by comparing it with other cattle breeds. The ROH is common in bovine autosomes but the observed varietal differences in ROH length and burden patterns indicate differences in varietal origin and recent management. Compared with the cattle breeds analyzed in this study, Xilin buffalo showed more short/medium ROH (.5–2 Mb) and the average number of ROH was the highest.
By comparing with Mediterranean buffalo, we found that Xilin buffalo has unique signaling pathways in the nervous system, reproductive system, and lactation. In this study, the KEGG pathway and GO related to the nervous system were significantly enriched and the most significantly enriched pathway was the Glutamatergic synapse. In addition, GO analysis is also significantly enriched by many GO items related to the development of the nervous system such as neurons, dendritic spines, and synapses, and positive regulation of dendrite morphogenesis. Previous studies have proved that dendritic spines and their structural and functional plasticity are the cellular basis of learning and memory (Kasai et al., 2003). Therefore, it is speculated that these neural-related KEGG pathways and GO entries also play an extremely important role in the domestication of swamp buffalo. It has been reported that the glutamatergic synaptic pathway is related to the adaptability of mice to stress and fear behavior (Kamprath et al., 2010). It contains three genes GRM5, GRIK2, and GRIA4, and GluR6 is encoded by GRIK2 which is highly expressed in the brain and is associated with autosomal recessive intellectual disability (Motazacker et al., 2007). The GRIK2 knockout mice showed decreased fear and memory, anxiety, and despair (Shaltiel et al., 2008). In rabbits, GRIK2 was identified as a candidate domestication gene (Carneiro et al., 2014). The GRIK2 is highly expressed in the brain tissues of buffalo, goats, sheep, and cattle. Studies have reported that GRM5 is related to social interaction and sports behavior (Xu et al., 2021). The swamp buffalo has a gentle temperament and is mainly used for servitude. It can be easily trained for rice farming, cart pulling, and other labor (Chantalakhana and Bunyavejchewin, 1994). These traits indicate that the identified pathways and candidate genes related to the nervous system were strongly artificially selected during the domestication of swamp buffalo.
Reproductive performance is an important index to measure the economic benefit of a variety. The Xilin Buffalo has good reproductive performance and its oestrus cycle is between 20 and 25 days, with an average of 21.04 days. We found that both CSNK1G2 and KCNIP4 genes showed universal strong positive selection signals in Xilin buffalo/Mediterranean buffalo and both were related to reproduction. The CSNK1G2 gene is related to sperm surface modification, sperm maturation, and sperm-egg communication of bull sperm (Byrne et al., 2012). The CSNK1G2 gene is associated to the ability of frozen-thawed sperm to respond appropriately to stress (Pini et al., 2018). It has also been observed that CSNK1G2 knockout mice show premature aging of the testes (Li et al., 2020) whereas the KCNIP4 gene is closely related to chicken reproductive traits (Fan et al., 2017).
The Xilin buffalo was mainly used for both meat and milk. After crossbreeding, the introduced milk variety Mora buffalo over the years, the average lactation yield of the three generations has increased significantly (2389 ± 700.2 kg) and now its value is progressing because of better milk and meat production. In this study, we also found a selection signal related to lactation (TP63) and MFG-E8 as a marker of high milk production in dairy animals. The TP63 participates in breast secretion by activating MFG-E8. Previous studies have confirmed that TP63 plays a role in regulating the growth and differentiation of mammary epithelial cells (Verma et al., 2021). By considering the influence of natural ecological environmental conditions and local social and economic activities, these genes may play an important role in the reproduction and lactation performance of the Xilin buffalo after long-term natural and artificial selection.
5 CONCLUSION
Utilizing WGS data, the present study described the Xilin buffalo’s whole genome level. The direction for the genetic assessment and coherent breeding plan of the Xilin buffalo was identified by examining the characteristics of population structure and genomic diversity. In addition, we also identified a series of candidate genes involved in milk production, neural control, and fertility. Moreover, the results of this study enable breeders to better understand the genomic characteristics of Xilin buffalo for artificial selection or adaptation to the local environment.
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The Qinghai Province of China is located in the northeast region of the Qinghai–Tibetan Plateau (QTP) and carries abundant yak genetic resources. Previous investigations of archaeological records, mitochondrial DNA, and Y chromosomal markers have suggested that Qinghai was the major center of yak domestication. In the present study, we examined the genomic diversity, differentiation, and selection signatures of 113 Qinghai yak, including 42 newly sequenced Qinghai yak and 71 publicly available individuals, from nine yak breeds/populations (wild, Datong, Huanhu, Xueduo, Yushu, Qilian, Geermu, Tongde, and Huzhu white) using high-depth whole-genome resequencing data. We observed that most of Qinghai yak breeds/populations have abundant genomic diversity based on four genomic parameters (nucleotide diversity, inbreeding coefficients, linkage disequilibrium decay, and runs of homozygosity). Population genetic structure analysis showed that Qinghai yak have two lineages with two ancestral origins and that nine yak breeds/populations are clustered into three distinct groups of wild yak, Geermu yak, and seven other domestic yak breeds/populations. FST values showed moderate genetic differentiation between wild yak, Geermu yak, and the other Qinghai yak breeds/populations. Positive selection signals were detected in candidate genes associated with disease resistance (CDK2AP2, PLEC, and CYB5B), heat stress (NFAT5, HSF1, and SLC25A48), pigmentation (MCAM, RNF26, and BOP1), vision (C1QTNF5, MFRP, and TAX1BP3), milk quality (OPLAH and GRINA), neurodevelopment (SUSD4, INSYN1, and PPP1CA), and meat quality (ZRANB1), using the integrated PI, composite likelihood ratio (CLR), and FST methods. These findings offer new insights into the genetic mechanisms underlying target traits in yak and provide important information for understanding the genomic characteristics of yak breeds/populations in Qinghai.
Keywords: Bos grunniens, whole-genome resequencing, genomic diversity, population structure, selection signature
INTRODUCTION
The yak is a large, unique ungulate that lives in the climatically challenging conditions (limited oxygen, extreme cold, highly variable daytime and nighttime temperatures, and scanty flora) of the Qinghai–Tibetan Plateau (QTP) and nearby high-altitude regions (Wiener et al., 2003; Zhang et al., 2020). Domestic yak (Bos grunniens) is descended from wild yak (Bos mutus) (Qiu et al., 2015) and is an indispensable part of the Tibetan culture, providing basic resources such as meat, milk, transportation, fuels, and hides to Tibetans and other nomadic peoples living in high-altitude environments (Wiener et al., 2003; Jia et al., 2019; Jia et al., 2020). The Qinghai Province of China, located in the northeast region of the QTP, possesses a variety of yak genetic resources and is regarded as a major center of yak domestication (Guo et al., 2006; Ma, 2019). Due to its special geographical location, complex plateau climate, and long breeding history, Qinghai is home to some unique yak populations/breeds. For instance, two improved breeds (Datong and Ashdan) and four indigenous breeds (Qinghai Plateau, Huanhu, Xueduo, and Yushu) are currently recognized in this region (National Committee of Animal Genetic Resources, 2021).
According to our previous reports on genetic variations in Y-chromosomal markers, both wild and domestic yak in Qinghai have relatively high paternal genetic diversity with weak phylogeographic structures and two paternal origins (Ma et al., 2018; Ma et al., 2022). In addition, maternal genetic diversity of the wild and domestic yak in Qinghai indicates that wild and domestic yak have high levels of genetic diversity and can be clustered into three lineages (Wang et al., 2021; Li et al., 2022). Since a female domestic yak genome was first assembled in 2012, the domestic yak reference genome has been improved twice at the chromosomal level (Qiu et al., 2012; Ji et al., 2021; Zhang et al., 2021). Obviously, the completeness and accuracy of the latest yak reference genome (BosGru3.0, GCA_005887515.2) are significantly higher than those of the previously reported genomes (Zhang et al., 2021). This information has laid a strong foundation for further exploration of the genomic diversity, population structure, and phylogenetic relationships of yak breeds/populations at the genome level. Also, the availability of the high-quality yak reference genome, which was built using long-read sequencing technology (Zhang et al., 2021), has enabled the identification of the genetic basis of complex traits. Following the wide application of whole-genome sequencing (WGS), the genomic diversity, origin, domestication, population structure, coat color, and high-altitude adaptation of yak have become research hotspots (Qiu et al., 2012; Wang et al., 2014; Qiu et al., 2015; Liang et al., 2016; Zhang et al., 2016; Medugorac et al., 2017; Lan et al., 2018; Xie et al., 2018; E et al., 2019a; 2019b; Wang et al., 2019; Chai et al., 2020; Lan et al., 2021; Bao et al., 2022; Gao et al., 2022). Although a few Qinghai yak breeds/populations, including Qilian, Datong, Qinghai Plateau, and Huanhu, had been previously analyzed using WGS, this strategy could not comprehensively reveal genomic information on Qinghai yak breeds/populations because of its low-depth WGS data (average sequencing depth around ×7.2) and small number of samples (Chai et al., 2020). Additionally, the distribution area of some yak breeds such as Qinghai Plateau and Yushu are adjacent to the habitats of wild yak. Hybridization between domestic and wild yak is ubiquitous. Therefore, it is particularly necessary to explore the relationship between Qinghai domestic yak breeds/populations and wild yak using WGS data.
It is essential to thoroughly ascertain the genomic diversity, population structure, and selection signature of Qinghai yak breeds/populations to increase their potential breeding value. In this study, we performed high-depth WGS analysis of 113 yak, including 42 newly sequenced yak from nine Qinghai yak breeds/populations, to identify single-nucleotide polymorphisms (SNPs) based on the latest yak reference genome (BosGru3.0, GCA_005887515.2) and to reveal their genomic diversity and population structure, as well as candidate signatures of positive selection. The gathered information provides a baseline for the exploration and evaluation of yak breeds/populations in Qinghai, China. Moreover, it contributes to the conservation and utilization of these precious yak genetic resources.
MATERIALS AND METHODS
Ethical approval
This study was conducted following animal welfare requirements. The procedures approved for experiments were based on the recommendations of the Regulations for the Administration of Affairs Concerning Experimental Animals of China. The Institutional Animal Care and Use Committee of the Academy of Animal Science and Veterinary Medicine, Qinghai University, approved all the animal experiments in this study.
Sample collection and whole-genome resequencing
Based on our previous report on Y-chromosome variations in Qinghai yak (Ma et al., 2018), 42 individuals (NCBI: PRJNA827919) representing breed/population-specific haplotypes were selected for resequencing in this study. Peripheral blood samples were collected from the primary producing area of each Qinghai yak breed/population (Figure 1A; Supplementary Table S1), including Datong (DT, n = 6), Yushu (YS, n = 6), Xueduo (XD, n = 5), Huanhu (HH, n = 5), Geermu (GEM, n = 5), Qilian (QL, n = 5), Tongde (TD, n = 7), and Huzhu white (HZ, n = 3). Genomic DNA was extracted using the Whole Blood DNA Extraction Kit (Aidlab Biotechnologies Co., Ltd, China) (Supplementary Table S2). Pair-end libraries were constructed for each individual (500 bp insert size), and the quantified DNA was subjected to the Illumina Nova 6000 sequencing platform using a 2 × 150 bp model at the Novogene Bioinformatics Institute (Beijing, China) (Supplementary Table S3). To systematically explore the genomic diversity, population structure, and selection signature of Qinghai yak breeds/populations, we conducted a comprehensive search for whole Qinghai yak genome sequences in the NCBI database, resulting in 71 whole-genome sequences of six Qinghai yak breeds/populations for combined analysis, including wild (WY, n = 19), Datong (DT, n = 23), Yushu (YS, n = 16), Huanhu (HH, n = 7), Geermu (GEM, n = 3), and Qilian (QL, n = 3). In total, this study analyzed 113 whole-genome sequences from nine Qinghai yak breeds/populations (Supplementary Table S1).
[image: Figure 1]FIGURE 1 | Distribution of samples of Qinghai yak breeds/populations and SNPs in yak genome. (A) Sampling sites and geographic distributions of nine Qinghai yak breeds/populations. (B) Distribution of detected SNPs in the genomes of nine yak breeds/populations. The circles represent the sampling ranges of Huanhu and Yushu yak.
Read mapping and single-nucleotide polymorphism calling
The raw reads were trimmed using Trimmomatic (sliding window: 3:15 minlen:35 trailing:20 leading:20 avgqual:20 tophred33) (Bolger et al., 2014) to remove adapters and low-quality bases. The clean reads were aligned to the latest yak reference genome (BosGru3.0, GCA_005887515.2) using Burrows–Wheeler Aligner (v0.7.13-r1126) software (Li and Durbin, 2009) with default parameters. Picard tools (http://broadinstitute.github.io/picard) were used to filter potential duplicate reads. We used the “Haplotype Caller,” “Genotype GVCFs,” and “Select Variants” modules of the Genome Analysis Toolkit (GATK, v3.8-1-0-gf15c1c3ef) (McKenna et al., 2010) to call the SNPs. After SNP calling, we used the “Variant Filtration” module of GATK to obtain high-quality SNPs with the parameters (“DP <249 (1/3-fold total sequence depth for all individuals) || DP >2245 (three-fold of total sequence depth for all individuals) || QD <2.0 || FS >60.0 || MQ <40.0 || MQRankSum <−12.5 || ReadPosRankSum <−8.0 || SOR >3.0”). Finally, based on the yak reference genome (BosGru3.0, GCA_005887515.2), SNPs were functionally annotated by ANNOVAR software (Wang et al., 2010). In addition, the SNP densities of each Qinghai yak breed/population were calculated by VCFtools (v0.1.12) (window 100,000) software (Danecek et al., 2011).
Population genomic parameters
To reveal the genomic variations of Qinghai yak, we calculated the genomic parameters, including nucleotide diversity (Pi), expected heterozygosity (He), observed heterozygosity (Ho), inbreeding coefficient (FHom), linkage disequilibrium (LD) decay, and runs of homozygosity (ROH) for nine Qinghai yak breeds/populations (Datong, Geermu, Huanhu, Huzhu white, Qilian, Tongde, Xueduo, Yushu, and wild yak).
We estimated the genomic nucleotide diversity of each yak breed/population using VCFtools (v0.1.12) software (-window-pi 50,000 -window-pi-step 20,000). The output of the -het function by VCF tools was a summary for each individual of the observed number of homozygous sites [O(hom)] and the expected number of homozygous sites [E(hom)]. It also included the total number of sites for which the individual had data and the inbreeding coefficient (FHom), which was the canonical estimate of genomic FHom based on excess SNP homozygosity (Keller et al., 2011). The SNPs of 113 genomes of nine Qinghai yak breeds/populations were pruned at high levels of pairwise LD by PLINK (v1.9) software (Purcell et al., 2007), excluding SNPs in strong LD (r2 > 0.2) within a sliding window of 50 SNPs advanced by five SNPs at a time (Zhang et al., 2019).
The ROHs were calculated by PLINK (v1.9) software. SNPs with minor allele frequencies (MAF < 0.05) were excluded due to instability. PLINK (v1.9) software was used for sliding windows of a minimum of 50 SNPs across the genomes to identify ROHs, allowing for two missing SNPs and one heterozygous site per window. The minimum number of continuous homozygous SNPs constituting an ROH was set to 100. The minimum SNP density coverage was set to at least 50 SNPs per kb, allowing centromeric and SNP-poor regions to be algorithmically excluded from the analysis. The maximum gap between two consecutive homozygous SNPs was set at 100 kb. The number and length of ROHs for each yak breed/population were estimated, and the length of ROHs was divided into three categories: 0.5–1 Mb, 1–2 Mb, and > 2 Mb, reflecting ancient, historical, and recent inbreeding, respectively (Kirin et al., 2010; Bhati et al., 2020).
Population genetic structure and clustering pattern
VCFtools (v0.1.12) software was used to convert the VCF files into the PLINK format. Linkage sites in the genomic data were removed with parameters (-indep-pair-wise 50 5 0.2) using PLINK (v1.9) software, and then the filtered data were used for principal component analysis (PCA) and admixture analysis. The population genetic structure was estimated using ADMIXTURE (v1.3.0) (Alexander and Lange, 2011), considering 2–4 clusters (K), and the results were visualized via R (v3.6.1) software. Based on the pairwise distance matrix among individuals, a neighbor-joining (NJ) tree was constructed by MEGA (v10.2.6) (Saitou and Nei, 1987; Kumar et al., 2016). The PCA of 113 individuals was performed by smartPCA in the EIGENSOFT (v5.0) package (Patterson et al., 2006) to estimate the eigenvectors. The Tracy–Widom distribution was used to assess the significance of each principal component, and the results of the first and second principal components were plotted using the ggplot2 package in R (v3.6.1) software. VCFtools (Danecek and McCarthy, 2017) software was used to calculate the fixation index (FST) between nine Qinghai yak breeds/populations, and the results were visualized via ImageGP (http://www.ehbio.com/ImageGP/). To further explore the relationships among nine Qinghai yak breeds/populations, we calculated the linearized RST values (RST = FST/(1- FST)). Based on the RST values, the cluster pattern among nine Qinghai yak breeds/populations was revealed by multidimensional scale (MDS) analysis using SPSS (v18.0) software.
Genome-wide selective sweep
Only SNPs with less than 10% missing nucleotides were used for selective sweep scanning. To explore the selection pressure of domestic and wild yak in Qinghai, we performed a detection of positive selection signature. In this study, three methods, including composite likelihood ratio (CLR), nucleotide diversity (PI), and pairwise fixation index (FST), were used to detect the selection signatures in Qinghai yak. The CLR was computed using SWEEPFINDER2 software to detect SNPs within a non-overlapping 50 kb window (Nielsen et al., 2005; DeGiorgio et al., 2016). The PI was estimated using VCFtools (50 kb sliding window and 20 kb step) in Qinghai domestic yak. Consistent with previous methods, the top 1% windows were selected as the candidate region under selection (Chen et al., 2018; Xia et al., 2021). To find candidate genes related to adaptation, immunity, and economic traits, the FST was calculated between wild and domestic yak with a 50-kb sliding window and 20-kb steps along the autosomes using the VCFtools and R scripts (Danecek et al., 2011; Chen et al., 2018; Chen et al., 2020; Xia et al., 2021). The Tajima’D values were calculated for the candidate genes using VCFtools. To gain a further understanding of the gene functions and signaling pathways of the identified candidate genes, online Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway and Gene Ontology (GO) analyses were conducted using KOBAS 3.0 (http://kobas.cbi.pku.edu.cn/anno_iden.php), and FDR < 0.05 was used as a threshold to detect significantly enriched genes and pathways.
RESULTS
Whole-genome resequencing and single nucleotide polymorphisms
The total raw and clean bases of 42 newly sequenced Qinghai yak were 3,974.07 Gb and 3,942.42 Gb, respectively (Supplementary Table S3). The average sequencing depth of the reads in 42 individual genomes was around ×23.91 (Supplementary Table S1). In total, we obtained 112,960,043 high-quality SNPs in nine yak breeds/populations. The highest number of SNPs (18,061,823) was detected in Datong, followed by Yushu (14,833,892), wild (14,109,444), Huanhu (12,805,435), Tongde (12,059,879), Qilian (11,462,122), Xueduo (10,394,482), and Geermu (10,266,014) yak, while the lowest SNPs were detected in Huzhu white yak (8,966,952) (Supplementary Table S4). Comparison among 113 yak genomes revealed that, among 25,768,146 autosomal SNPs, 35.83% were mapped to intergenic regions, 53.87% to intronic regions, and only 1.17% to exonic regions. The functional annotation of the SNPs assigned to protein-coding regions identified about 61.42% of SNPs to produce silent mutations, 37.99% to cause missense mutations, and 0.59% to result in nonsense mutations (Figure 1B; Supplementary Table S4).
Population genomic diversity, runs of homozygosity, and linkage disequilibrium
Nucleotide diversity (Pi) ranged from 0.0006 to 0.0015 among nine Qinghai yak breeds/populations (Figure 2A; Table 1), with the highest Pi value (0.0015) in Huzhu white yak and the lowest (0.0006) in Geermu yak (Figure 2A; Table 1). The values of He and Ho ranged from 0.2699 to 0.4752 and from 0.1443 to 0.3454 for Datong and Huzhu white yak, from lowest to highest, respectively (Table 1). LD analysis showed that the wild yak presented a very rapid decay rate and the lowest level of LD (Figure 2B). However, in the domestic yak breeds/populations, the Huzhu white yak exhibited a slow decay rate and a high level of LD, followed by Xueduo, Tongde, Yushu, Qilian, Huanhu, and Datong yak, whereas the Geermu yak showed a rapid decay rate and a low level of LD. Among nine Qinghai yak breeds/populations, the wild yak had the highest value of FHom (0.2841), followed by Qilian, Yushu, Geermu, Huanhu, Datong, Xueduo, Tongde, and Huzhu white yak (Table 1; Figure 2C). We found that the ROH lengths in all yak breeds/populations were mostly between 0.5 and 2 Mb (Figure 2D; Supplementary Table S5). Larger ROHs (>2 Mb) were only identified in Huanhu (2) and Xueduo (1) yak, while medium ROHs (1–2 Mb) were found in almost all the yak breeds/populations, except for the wild yak (i.e., Datong (22), Geermu (1), Huanhu (34), Huzhu white (26), Qilian (9), Tongde (14), Xueduo (21), and Yushu (30)) (Figure 2D; Supplementary Table S5).
[image: Figure 2]FIGURE 2 | Analyses of genomic variation, LD, FHom, and ROHs for Qinghai yak breeds/populations. (A) Box plots of nucleotide diversity (Pi) for each yak breed/population. (B) Decay of LD in nine yak breeds/populations, with one line per breed/population. (C) FHom in nine yak breeds/populations. (D) Length and average number of ROHs in nine yak breeds/populations.
TABLE 1 | Genetic diversity indexes of nine yak breeds/populations in Qinghai, China.
[image: Table 1]Population genetic structure
To determine the population genetic structure and relationships among nine different yak breeds/populations, we conducted a series of analyses, including phylogenetic reconstructions, PCA, and Bayesian clustering, using WGS data. In a phylogenetic analysis, the NJ tree showed different clades for wild yak and eight domestic yak breeds/populations in Qinghai and inferred two lineages (lineages I and II) (Figure 3A) and three sub-lineages (A, B, and C) in Lineage I.
[image: Figure 3]FIGURE 3 | Population genetic analyses of Qinghai yak breeds/populations. (A) NJ tree of 113 wild and domestic yak. (B) PCA with first (PC1) and second (PC2) principal components. The right figure shows a further PCA excluding wild and Geermu yak populations. (C) Model-based clustering of Qinghai yak breeds/populations using ADMIXTURE with K = 2–4.
According to the PCA results, the first principal component (PC1) explained 3.07% of the total variation separating wild yak and Geermu yak from the other seven yak breeds/populations (Figure 3B). The second PC (PC2) explained 2.51% of the total variation, indicating a more complex genetic makeup in wild yak than in other Qinghai domestic yak breeds/populations. In addition, a further PCA analysis excluding the wild and Geermu yak populations showed that some individuals from Yushu and Huanhu yak were divided (Figure 3B). To further elucidate the population genetic structure of Qinghai yak breeds/populations, we estimated the ancestral components for 113 individuals via ADMIXTURE software through clustering models (Figure 3C). In clustering analysis, when K = 2, wild and Qinghai domestic yak breeds/populations had two ancestral components, namely, wild yak and domestic yak, with only the Geermu yak presenting two ancestral components. When K = 3, a new ancestry was observed in almost all Qinghai yak breeds/populations except Huzhu white yak. Notably, the wild yak and Geermu yak populations accounted for a relatively high proportion of this new ancestry, but the other six Qinghai domestic yak breeds/populations (Qilian, Yushu, Datong, Huanhu, Tongde, and Xueduo) shared a small amount of this new ancestry. When K ≥ 4, cross-validation errors (≥0.3043) for ancestry models increased gradually, which suggested false results for the ancestry analysis (Supplementary Table S13).
The fixation index (FST) values between nine yak breeds/populations ranged from 0.003 to 0.076 (Supplementary Table S6), which showed moderate genetic differentiation (0.05 < FST < 0.15) between wild yak, Geermu yak, and the other seven yak breeds/populations. However, there was weak genetic differentiation (0 < FST < 0.05) among the other seven yak breeds/populations (Figure 4A, Supplementary Table S6). Based on the RST values (Supplementary Table S6), the clustering analysis showed that nine yak breeds/populations were separated into six groups (groups I–VI) (i.e., wild; Geermu; Huanhu; Qilian; Yushu and Datong; and Xueduo, Tongde, and Huzhu) (Figures 4B,C).
[image: Figure 4]FIGURE 4 | Genetic relationships among Qinghai yak breeds/populations. (A) Heat map of genetic differentiation among nine yak breeds/populations. (B) Cluster relationship among nine yak breeds/populations using the UPGMA tree. (C) MDS analysis among nine yak breeds/populations.
Genome-wide selective sweeps
In this study, we used the CLR, PI, and FST methods to screen for the potentially selected genomic regions in wild yak and eight domestic yak breeds/populations in Qinghai (Figures 5A–C). As a result, a total of 334 (CLR), 854 (PI), and 1268 (FST) genes were identified (Supplementary Tables S7–S9), with only 34 genes overlapping among the three analyses (p < 0.05) (Supplementary Tables S10, Figure 5D). These identified genes were considered candidate positively selected genes (PSGs) (Figures 5A–C). Annotations of the 34 candidate genes revealed functions that may be associated with important traits, including disease resistance (CDK2AP2, PLEC, and CYB5B), heat stress (NFAT5, HSF1 and SLC25A48), pigmentation (MCAM, RNF26, and BOP1), vision (C1QTNF5, MFRP, and TAX1BP3), milk quality (OPLAH and GRINA), neurodevelopment (SUSD4, INSYN1, and PPP1CA), and meat quality (ZRANB1) (Supplementary Tables S10). As a suppressor of oxidative phosphorylation-associated gene expression, mitochondrial respiration, and reactive oxygen species (ROS) production in pulmonary artery smooth muscle cells, NFAT5 gene is vital in limiting ROS-dependent arterial resistance in hypoxic environments (Laban et al., 2021). Here, it is notable that the genomic region harboring NFAT5 (95.59–96.79 Mb on chromosome 20) exhibited higher FST and differential Tajima’D and PI values between wild and domestic yak (Figure 5E). However, the haplotype diagram showed that differences in this gene region between wild and domestic yak were not obvious. To further elucidate the genetic mechanisms related to the candidate genes, we also performed functional enrichment analysis for the 34 candidate genes, using KOBAS (http://kobas.cbi.pku.edu.cn/) to find vital KEGG and GO pathways. In total, 29 KEGG pathways and 383 GO terms were found in our enrichment results (Supplementary Tables S11, S12). As for functional enrichment analysis (Supplementary Table S11), the KEGG pathway had four significant functions, called “regulation of actin cytoskeleton,” “glycosylphosphatidylinositol (GPI)-anchor biosynthesis,” “Legionellosis”, and “glutathione metabolism” (p-value < 0.05), as well as five genes (ITGAE, PPP1CA, GPAA1, HSF1, and OPLAH) related to disease resistance, growth, and heat stress (Supplementary Table S10). GO terms were particularly enriched in terms of osmotic stress and endoplasmic reticulum stress (“response to osmotic stress, GO:0006970,” “nuclear stress granule, GO:0097165,” and “negative regulation of endoplasmic reticulum stress-induced intrinsic apoptotic signaling pathway, GO:1902236”). Several genes (NFAT5, MARVELD3, HSF1, and GRINA) were found to be associated with immunity, heat stress, and milk quality. We also detected significant GO terms responsible for growth (“cellular response to platelet-derived growth factor stimulus, GO:0036120,” “positive regulation of multicellular organism growth, GO:0040018,” and “cellular response to transforming growth factor beta stimulus, GO:0071560”) (Supplementary Table S12) involving relevant genes (CORO1B, HSF1, and SCX). In addition, some significant GO terms (“protein binding, GO:0005515,” “acyl carnitine transmembrane transporter activity, GO:0015227,” and “acyl carnitine transmembrane transport, GO:1902616”) related to disease resistance were detected, which may contribute to disease resistance of yak in harsh high-altitude environments.
[image: Figure 5]FIGURE 5 | Genome-wide selection scan for positively selected genes (PSGs) in Qinghai yak using sliding window analysis (50-kb window size and 20-kb step size). (A) Manhattan plot of selected sweeps by the PI method. (B) Manhattan plot of selected sweeps by the CLR method. (C) Manhattan plot of selected sweeps by the FST method, based on domestic and wild yak populations. (D) Venn diagram showing the candidate genes identified by the CLR, PI, and FST methods. (E) FST, Tajima’D, and PI of the NFAT5 gene region between wild and domestic yak.
DISCUSSION
Genetic diversity is an important component of biological diversity. It is the basis of biological evolution and species differentiation, with great significance for population maintenance and adaptation to habitat change. In a previous study, Ji et al. (2021) suggested that wild yak had experienced a genetic bottleneck, yet that their genomic diversity was still higher than that of domestic yak. However, Qiu et al. (2015) concluded that the value of genomic nucleotide diversity in domestic yak (0.0014) was slightly higher than that of wild yak (0.0013). Chai et al. (2020) also showed that the genomic diversity of wild yak (0.0012) was lower than that of some domestic yak breeds/populations (0.0010–0.0016). In this study, the values of nucleotide diversity for nine Qinghai yak breeds/populations ranged from 0.0006 to 0.0015 at the whole-genome level (Table 1; Figure 2A), which indicates a wide range of genomic diversity for wild yak and eight Qinghai domestic yak breeds/populations. Here, the wild yak had nucleotide diversity of 0.0009, Huzhu white yak had the highest nucleotide diversity (0.0015), and Geermu yak had the lowest nucleotide diversity (0.0006). The nucleotide diversities of most of domestic yak breeds/populations, except for Geermu and Qilian yak, were higher than that of wild yak, indicating that most of Qinghai yak breeds/populations had abundant genomic diversity; our result is consistent with previous reports (Table 1; Figure 2A) (Qiu et al., 2015; Chai et al., 2020).
ROH has gradually become an important index for identifying inbreeding degrees and genetic variation patterns in livestock populations (Chen et al., 2018; Xia et al., 2021). Here, the ROH distribution pattern of nine yak breeds/populations showed significant differences (Figure 2D, Supplementary Table S5). The ROH numbers for Geermu and wild yak populations were small, which indicates that the living habitats of these yak populations were remote from human settlements and had less artificial intervention. Among the other domestic yak breeds/populations, Datong yak had the highest ROHs in both length and number (Figure 2D, Supplementery Table S5), followed by Yushu, Huanhu, Tongde, Huzhu white, Xueduo, and Qilian yak. The values indicated that these seven yak breeds/populations have been subjected to significant human intervention. In addition, the pattern of LD decay in each yak breed/population was largely consistent with the results of nucleotide diversity in this study. The results of inbreeding coefficients inferred that Geermu, Huanhu, Qilian, Yushu, and wild yak breeds/populations had high degrees of inbreeding (Figures 2B,C; Table 1). It is noteworthy that high selection pressure may cause inbreeding depression in yak.
In previous studies, Qiu et al. (2015) detected a clear genetic split between wild and domestic yak despite low morphological divergence and continuing gene flow between them. Similarly, Chai et al. (2020) noted that when K = 2, yak populations were divided into domestic and wild yak, while when K = 3–5, yak samples could not be divided into different ancestries, which indicates extensive genetic mixing among domestic yak. In our present study, we explored the population genetic structure of wild yak and Qinghai domestic yak breeds/populations. The ADMIXTURE analysis showed that at K = 2, nine yak breeds/populations had two ancestral components (domestic yak and wild yak), while Geermu yak carried a high genetic component of wild yak. At K = 3, a third new ancestral component appeared in a few wild yak individuals and in all domestic yak breeds/populations except for Huzhu white yak. Geermu yak showed more similar ancestral composition to wild yak, and other domestic yak breeds/populations in Qinghai showed similar ancestral components that differed from wild yak. The size of cross-validation errors could affect the authenticity of ancestry (Chen et al., 2018; Xia et al., 2021). At K = 2, the minimum CV value (0.2878, Supplementary Table S12) indicated the accurate ancestral composition of Qinghai yak, and the obtained result was consistent with previous studies (Qiu et al., 2015; Chai et al., 2020). According to PCA, among 113 individuals of nine breeds/populations in Qinghai, the Qinghai yak were divided into three clusters: wild yak, Geermu yak, and other domestic yak breeds/populations (Datong, Huanhu, Yushu, Qilian, Xueduo, Tongde, and Huzhu white yak) (Figure 3B). In an early PCA, separation among domestic yak samples demonstrated that all domestic yak populations showed a single-origin domestication and close genetic distance (Chai et al., 2020), which is similar to our current findings.
FST is the index of genetic differentiation among populations and is used to evaluate the degree of differentiation among populations. FST may show very weak (0–0.05), moderate (0.05–0.15), or significant (0.15–0.25) population differentiation. The degree of differentiation is considered extremely significant when the index exceeds 0.25 (Wright, 1978). In a previous study, based on Y-SNPs and Y-STR markers, the average FST value between wild yak and 15 domestic yak populations was 0.178, indicating significant paternal genetic differentiation between domestic and wild yak (Ma, 2019). In the present study, the FST values between nine yak breeds/populations were 0.003–0.076 (Figure 4A, Supplementary Table S6), which suggests moderate genetic differentiation between wild yak, Geermu yak, and the seven other yak breeds/populations, and weak genetic differentiation among the other seven yak breeds/populations. The result confirmed that the Geermu yak population has certain hereditary particularities. Nowadays, Datong, Huanhu, Xueduo, and Yushu yak in Qinghai have been recognized as different breeds by China National Committee of Animal Genetic Resources (National Committee of Animal Genetic Resources, 2021). In our MDS analysis (Figures 4B,C), nine yak breeds/populations were divided into six groups (I–VI) (wild; Geermu; Huanhu; Qilian; Yushu, and Datong yak; and Xueduo, Tongde, and Huzhu white yak). Here, Geermu and Qilian yak populations had significant genetic differences from other yak breeds/populations, which therefore could be considered as potential new genetic resources for further research and utilization. Notably, the clustering results among yak breeds/populations were not closely related to their geographical distributions, consistent with our PCA and ADMIXTURE analysis results (Figures 3B,C). Previously, studies based on Y-chromosome marker variations showed that both wild and domestic yak in Qinghai had relatively high paternal genetic diversity with weak phylogeographic structure and two paternal origins (Ma et al., 2018; Ma, 2019). Maternal genetic diversity in wild and domestic yak breeds/populations (Qinghai-Plateau, Huanhu, Xueduo, and Yushu yak) in Qinghai was recently examined based on nucleotide variants of mitogenomes, and the results suggested that both domestic and wild yak from Qinghai contain a wide range of maternal variability; the genetic differentiation among Qinghai indigenous yak was weak, but each Qinghai indigenous yak breed had unique maternal genetic information (Li GZ et al., 2022). In the phylogeny of yak maternal origins, the wild yak and Qinghai domestic yak were composed of three maternal lineages (lineages Ⅰ, Ⅱ, and Ⅲ) with three possible maternal origins, but only a few wild and domestic yak carried lineage III (Li et al., 2022). In this study, the clustering of nine yak breeds/populations into two large lineages (lineages Ⅰ and Ⅱ) suggests that Qinghai yak might have two origins. Among them, three sub-lineages (A, B, and C) were determined to belong to lineage Ⅰ, and no sub-lineage was found in lineage II. This result is not consistent with previous results of yak maternal origin studies but is similar to results of yak paternal phylogenetic analysis (Ma, 2019; Li et al., 2022). We acknowledge that our population genetic structure results are sensitive to the relatively limited sample sizes, but they do roughly reflect the genetic background of Qinghai yak breeds/populations included in this study.
The identification of genomic signatures of selection helps reveal genetic mechanisms underlying traits of importance in yak. Overall, 34 PSGs identified in nine Qinghai yak breeds/populations using three integrated methods appear to be possibly related to important traits in humans or other animals. For example, NFAT5, a member of the NFAT gene family related to immunity in humans (Dalski et al., 2001), was identified as a PSG in Qinghai yak. Therefore, NFAT5 gene might be related to the adaptation of Qinghai yak to extreme environments and to their evolution of a powerful mitochondrial function to resist hunger, hypoxia, and severe cold. It is noticeable that the region scanned by FST for NFAT5 exhibited higher FST, and differential Tajima’D and PI values, between wild and domestic yak, indicating strong selective sweeps. Furthermore, a diagram of the haplotypes shows that this gene region is not stable in domestic yak. The heat shock factor 1 (HSF1) gene is a regulator of the heat stress response, maximizing heat shock protein expression, and thus is certified to be associated with heat tolerance in Jersey, Angus, Simmental, and indicine cattle (de Fátima Bretanha Rocha et al., 2019; Rong et al., 2019; Mohapatra et al., 2021). Here, it was identified as a yak PSG, and we therefore speculated that this gene is related to yak’s resistance to high-intensity ultraviolet rays and frigid climates on the QTP. In addition, the CNV of HSF1 gene was shown to be related to growth and development in Ashidan yak (Ren et al., 2022). However, further research on this vital PSG in yak is needed. The association of economic traits with candidate genes has revealed that ZRANB1 polymorphisms are related to the muscle pH, conductivity, flesh color, and drip loss in pigs (Huynh et al., 2013). Thus, we speculated that SNPs in this gene might be the causal sites that affect water holding capacity (WHC) in yak meat. Notably, based on the three selected methods, two genes (GRINA and OPLAH) linked to milk yield and fat contents in Holstein cows (Atashi et al., 2020; Peters et al., 2021) also showed positive selection, which may be related to milk traits in Qinghai yak.
Coat color is an important target of selection in many domestic animals. Black coat color plays an important role in protecting yak from ultraviolet radiation on the QTP. Previously, MCAM and RNF26 were considered key determinants of white/black tail feather color in dwarf chickens (Nie et al., 2021). Additionally, Bao et al. (2020) revealed some modular hub genes highly related to hormones such as SLF2, BOP1, and DPP8, which are involved in hormone regulation related to the hair cycle in yak. In this study, three genes (MCAM, RNF26, and BOP1) were identified as PSGs by all three methods. We believe that these three genes are more likely to participate in hair formation and pigmentation in yak, although additional functional experiments are needed for verification. Additionally, SUSD4, a gene coding for a complement-related transmembrane protein involved in neurodevelopment (González-Calvo et al., 2021), may participate in cold adaptation in Qinghai yak. Overall, our study reveals several PSGs in Qinghai yak, contributing to an improved understanding of the genetic mechanisms of population characteristics and providing a molecular basis for yak breeding.
CONCLUSION
In conclusion, this study provides a comprehensive overview of the genomic diversity, population structure, and selection signatures of Qinghai yak using whole-genome resequencing data. Overall, most Qinghai yak breeds/populations possess abundant genomic diversity. The Qinghai yak have two ancestral components (domestic and wild yak), and the Geermu yak carry a high genetic component originating from wild yak. Moreover, Qinghai yak are clustered into wild, Geermu, and other seven yak breeds/populations, while weak genetic differentiation is displayed among the seven other domestic yak breeds/populations. The candidate genomic regions are involved in disease resistance, heat stress, pigmentation, vision, milk quality, neurodevelopment, and meat quality. This research indicates for the first time that Geermu yak, Qilian yak, and the other domestic yak breeds/populations exhibit genetic differences at the genomic level. These findings provide a theoretical basis for the reasonable protection and utilization of Qinghai yak genetic resources in the future.
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With the development of genotyping and sequencing technology, researchers working in the area of conservation genetics are able to obtain the genotypes or even the sequences of a representative sample of individuals from the population. It is of great importance to examine the genomic variants and genes that are highly preferred or pruned during the process of adaptive introgression or long-term hybridization. To the best of our knowledge, we are the first to develop a platform with computational integration of a relative identity-by-descent (rIBD) scores algorithm for introgressive mapping. The rIBD algorithm is designed for mapping the fine-scaled genomic regions under adaptive introgression between the source breeds and the admixed breed. Our rIBD calculation platform provides compact functions including reading input information and uploading of files, rIBD calculation, and presentation of the rIBD scores. We analyzed the simulated data using the rIBD calculation platform and calculated the average IBD score of 0.061 with a standard deviation of 0.124. The rIBD scores generally follow a normal distribution, and a cut-off of 0.432 and −0.310 for both positive and negative rIBD scores is derived to enable the identification of genomic regions showing significant introgression signals from the source breed to the admixed breed. A list of genomic regions with detailed calculated rIBD scores is reported, and all the rIBD scores for each of the considered windows are presented in plots on the rIBD calculation platform. Our rIBD calculation platform provides a user-friendly tool for the calculation of fine-scaled rIBD scores for each of the genomic regions to map possible functional genomic variants due to adaptive introgression or long-term hybridization.
Keywords: adaptive introgression, hybridization, identity by descent, gene flow, algorithm, computational platform
1 INTRODUCTION
Adaptive introgression in situations with gene flow between different breeds or even species holds high interest in evolutionary genetics, as the genetic basis of this phenomenon is largely unknown when there is gene flow between different breeds, varieties, species, etc. (Voight et al., 2006; Bosse et al., 2014a; Ai et al., 2015). Identifying the genes or genomic regions that are due to introgression will help understand the genetic basis of long-term hybridization and admixture. It is of great importance to identify which genomic regions or genes influence the phenotypic character or traits of hybrids and how these have interacted with each other to form the genetic basis of hybrid breeds (Bosse et al., 2014b; Jagoda et al., 2017; Zhang et al., 2018). The genomic regions or genes identified with an important role in adaptive introgression hold a higher possibility as a causal variant affecting the phenotypes or traits. For example, Tibetans with altitude adaptation are caused by a genetic background traced long back to Denisovan-like DNA (Huerta-Sanchez et al., 2014; Ai et al., 2015). By identifying these important facts, we are able to disentangle the genetic basis of hybridization and the genetic effects of introgression during adaptation for important phenotypes, traits, or even diseases, which has long been an important research topic receiving much attention.
With the development of genotyping and sequencing technology, it is possible to sequence individuals deeply for all nucleotides with no ascertainment bias (Daetwyler et al., 2014; Zhang et al., 2015). This enables detailed examination of single genomes to understand the phenomenon of introgression and hybridization at the population level, which provides a valid basis for the information of mapping the functional genomic variants in individuals (Ai et al., 2015; Chen et al., 2016; Qanbari et al., 2011; vonHoldt et al., 2016). After the hybridization, some of the genomic variants can be favored or pruned out with a high or low frequency in the population across several generations of directional selection (Hedrick, 2013; Bosse et al., 2014a; Ai et al., 2015; Galov et al., 2015; Hartwig et al., 2015). These introgressed genomic variants are highly likely to be functional and play a key role during the process of introgression and hybridization (Bosse et al., 2014b; Hasenkamp et al., 2015; Deschamps et al., 2016; Figueiro et al., 2017). Mapping these genomic variants that have been subjected to adaptive introgression using a valid method provides information about these variants that can be used for further functional validations.
Many studies have identified these functional genomic variants that have been subjected to adaptive introgression (Bosse et al., 2014b; Deschamps et al., 2016; Figueiro et al., 2017; Wu et al., 2018; Zhang et al., 2018). The aim of these studies is to examine the genome-wide signatures of adaptive divergence and introgression in depth and further disentangle the genetic basis of the complex traits formed during this process by the utilization of genomic analysis from phylogeny. Among these studies, Zhang et al. (2018) utilized the relative identity-by-descent (rIBD) algorithm to identify the genomic regions in an admixed Red cattle breed that arose from adaptive introgression from Holstein and Brown Swiss cattle breeds. Figueiro et al. (2017) found complex genomic signatures of introgression using phylogeny, comparative analysis, and demographic reconstructions, and genes involved in craniofacial and limb development were identified.
So far, there are many tools which can calculate the proportion of admixed genomes obtained from ancestral breeds at the level of an individual, such as ADMIXTURE (Alexander et al., 2009). It is also possible to construct the phylogeny and demographic history using tools such as RAxML (Stamatakis, 2014) and PSMC (Li and Durbin, 2011). These tools and methods could examine the demographic history and population structure on the basis of an individual genome. There is, however, no tool which enables to map these genomic variants at a fine scale, that is, up to base-pair resolution. The algorithm of rIBD was previously applied in our studies for adaptive introgression mapping (Zhang et al., 2018). IBD inference is to detect the haplotypes which are inherited from the common ancestor, and the IBD states could reflect the general pattern of demographic history on the population scale (Sticca et al., 2021). The advantage of IBD detection is that it is even possible to trace back to the recent common ancestor of the shared pattern of rare variation, which has been long mysterious for the research scientists in the field. Therefore, IBD detection is of great importance for addressing the unanswered questions in genomics and genetics.
Here, we develop a user-friendly platform with the implementation of the algorithm of rIBD (Bosse et al., 2014b; Zhang et al., 2018) for identifying genomic variants and genomic regions that have been subjected to introgression in a fine-scaled sliding window across the whole genome from an evolutionary perspective. These genomic variants that have been subjected to adaptive introgression are basically identity by descent with the ancestral breed from which it was derived when comparing pair-wise between individual genomes. The objective of this study is to 1) implement the rIBD algorithm with a fine-scaled sliding window, 2) integrate rIBD algorithm in a user-friendly platform so that the users can utilize it as an online tool, and 3) demonstrate the different aspects of the results calculated using rIBD algorithm and different compact modules of the rIBD calculation platform based on a small simulated dataset.
2 MATERIALS AND METHODS
We implement the method of rIBD algorithm into the platform in three steps: 1) input and the design of the front interface: files, options, and illustrations; 2) the rIBD calculations: calculation options; and 3) output: files and illustrations.
We first design the front interface with the options of inputting the files. Here, it is designed to have the input information from source breed 1, source breed 2, and the breed with admixture. It is necessary to calculate the basic identity-by-descent (IBD) information first between source breed 1 and the admixed breed and between source breed 2 and the admixed breed based on the genomic marker input information. Our rIBD scores are calculated based on the posterior inferences of the basic IBD states of shared IBD tracts between two individuals. It is also possible to use the sample data as input for a quick rIBD calculation and demonstration. At the moment, our platform only supports rIBD calculations for one admixed breed at a time that is derived from no more than two ancestral breeds. When there are more ancestral breeds to be considered, the user should perform one separate analysis for each possible pair of ancestral breeds.
The next step is to utilize the input information described previously to calculate the rIBD scores using a sliding window across the whole genome. Here, we design the rIBD algorithm for a genome with a sliding window of 10 kbp, that is, the minimum resolution for the possibility to map a gene on a single genome, is selected as the size of the sliding window. In this way, we could reach the highest resolution to scan the genomes with all possible adaptive introgression signals. Using a sliding window of 10 kbp, we make pair-wise comparisons between each admixed individual and all individuals in source breed 1, and all individuals in source breed 2. The proportion of genomic regions which are calculated as significant IBD is outputted between source breed 1 and the breed with admixture and between source breed 2 and the breed with admixture. A relative IBD (rIBD) score is finally calculated when considering source breed 1, source breed 2, and the breed with admixture in the following format:
[image: image]
where IBDS1 refers to the proportion of genomes in IBD between source breed 1 and the breed with admixture and IBDS2 is the proportion of genomes in IBD between source breed 2 and the breed with admixture. The proportion of genomes in IBD is calculated as the proportion of admixed individuals’ genomes which are IBD with source breed 1 or 2. There are many algorithms to infer the state of IBD, and it is suggested to use the hidden Markov model to infer the tract of the IBD haplotype for each pair of individuals (BrianBrowning, 2011). The obtained rIBD scores are then used for mapping the introgressed genomic regions in the admixed breed. Our designed rIBD algorithm intends to identify these introgressed genomic regions in a pair-wise comparison between individuals so that an average rIBD score is calculated at a population level between the different breeds or populations.
The scale of the rIBD scores ranges, by definition, from −1 to 1. In an admixed breed, genomic regions with rIBD scores between −1 and 0 apparently have been introgressed more strongly from source breed 2, while genomic regions with rIBD scores between 0 and 1 apparently have been introgressed more strongly from source breed 1. Noting that with two breeds involved in an admixed population, the sum of IBDS1 and IBDS2 is 1, and an rIBD value of, for instance, 0.5 implies that this region has IBDS1 = 0.75 and IBDS2 = 0.25. Generally, the rIBD scores will follow a normal distribution, while genomic regions with extreme rIBD scores in the tails of the distribution indicate that these in the admixed breed are more similar to source breed 1 or source breed 2. It is also possible to calculate average rIBD scores from the sliding windows across the whole genome, which will reflect the genome-wide level of introgression between source breed 1 or 2 and the admixed breed. However, we focused more on the genomic regions showing clear signals with significant introgression from a certain source breed, that is, extreme positive rIBD scores or missing the rIBD scores from one side of the source breed, that is, extreme negative rIBD scores. Normally more efforts should be made to explore more in these genomic regions with a significant positive rIBD score or an extended genomic region with negative rIBD scores.
Finally, output options include outputting the rIBD scores in the sliding windows and plotting the rIBD scores across the chromosome. In this way, the user could save the rIBD scores calculated using the platform and also directly obtain an illustration of the rIBD scores across the chromosome. The users can use the sample data to demonstrate the output rIBD scores and the rIBD plot, and we used this as an example to show the results here.
3 RESULTS AND DISCUSSION
3.1 The relative identity-by-descent calculation platform
rIBD algorithm is based on the relative difference of IBD on genomes between the source breed and the admixed breed (Figure 1A), and this algorithm is designed to identify genomic regions that have been subjected to adaptive introgression when the admixed breed has gene flow from two source breeds. We implement rIBD algorithm described in the Materials and methods section using the C programming language and Perl programming language and then re-write the programming part of the algorithm on the rIBD calculation platform. The rIBD calculation platform is available at https://cuibobetter.shinyapps.io/example-1/.
[image: Figure 1]FIGURE 1 | The core and main section of rIBD calculation platform and the process of calculating rIBD scores on the platform. (A) The core flow of the rIBD calculation algorithm; (B) The main section of rIBD calculation platform and the process of calculating rIBD scores on the platform.
The rIBD platform is a user-friendly calculation platform with different options on the front interface. In the main section, the first step is to register as a user on our rIBD calculation platform. Then, the user should input the information from source breed 1, source breed 2, and an admixed breed and the basic IBD information in the main section (Figure 1A). The basic IBD information could be calculated using software packages such as Beagle (BrianBrowning, 2011). Usually, the breeds are clearly defined and the history of the breed is recorded, so it is possible to clearly define the source breeds and the admixed breed. The user also needs to specify the number of individuals from source breed 1, source breed 2, and the admixed breed and the number of chromosomes for this species (Figure 1B). After inputting these details in the main section, the rIBD calculation platform will output the rIBD scores for a sliding window of 10 kbp (Figure 1B). We only demonstrate the first few lines according to the user’s specification on the calculation platform so that the user has a direct illustration of the rIBD scores (Figure 1B). This output includes the chromosome number, the start and end positions of the corresponding sliding window in the size of 10 kbp, and the calculated rIBD scores in this window (Figure 1B). Meanwhile, it is also possible to utilize an executable of the rIBD calculation package for analyzing large amounts of data due to the limited space on the online platform as it is not possible to upload large-scale data on the platform, and the users should refer to the corresponding author of this work, for e.g., the executable of the rIBD algorithm.
Our rIBD calculation platform will be published as an online calculation platform at the end for the users around the world to calculate the rIBD scores and explore the genomic regions and the genetic basis of adaptive introgression. Our platform provides the users to automatically calculate either the rIBD scores from a specific genomic region or across the whole genome according to the capacity of our platform following the user’s requirement.
3.2 Analysis of data and illustrations of the calculated relative identity-by-descent scores on the platform
Here, we analyze a set of simulated genomic data from source breed 1, source breed 2, and one admixed breed. The aim of the analysis is to map the genomic regions that have been subjected to adaptive introgression in the admixed breed. Our rIBD platform is based on powerful Beagle, that is, the basic IBD states are first inferred from Beagle using HMM algorithm (BrianBrowning, 2011).
3.2.1 Interpretation of output results
Then, our rIBD platform is utilized to calculate the rIBD scores for this set of genomic data, and the rIBD scores are plotted across the whole genomic region (Figure 2A). The average rIBD score across this genomic region is 0.061, and the standard deviation of the rIBD scores is 0.124 (Figure 2B). This reflects that there is an overall introgression level of 0.061, which suggests that the introgression level from source breed 1 to the admixed breed is higher than that from source breed 2 to the admixed breed. The genomic regions with positive rIBD scores are more related with the introgression from source breed 1 to the admixed breed, which are the important genomic regions related with, for example, directional selection during the adaptive introgression process. However, the genomic regions with negative rIBD scores reflect the genes in the region with higher frequency due to introgression from source breed 2 to the admixed breed and directional selection later in the admixed breed during the adaptive introgression process.
[image: Figure 2]FIGURE 2 | The distribution of rIBD scores across the chromosome and the significant positive or negative rIBD scores lists. (A) The calculated rIBD scores across the chromosome; (B) Tthe distribution of the rIBD scores; (C) The list of the significant positive rIBD scores list; (D) The list of the significant negative rIBD scores list.
3.2.2 Identification of signals due to adaptive introgression with a high level of significance
Generally, the rIBD scores follow a normal distribution, and there are two extreme tails on the distribution (Figure 2B), showing that there are genomic regions with rIBD scores exceeding the significant level. We further take a very stringent cut-off of 0.432 and −0.310 calculated as three times the standard deviation from the mean in the normal distribution corresponding to 0.3% of the distribution for both positive and negative rIBD scores in order to identify the genomic regions with significant signals due to adaptive introgression. These significant genomic regions are mapped and listed as shown in Figures 2C,D. In this way, the genes in these genomic regions due to adaptive introgression can be mapped, and the gene list can be used to perform further functional studies.
The output of rIBD calculation can also be briefly demonstrated on the rIBD calculation platform. For example, the users could plot the rIBD scores across the genomic region to demonstrate the significant genomic regions with extreme high or low rIBD scores showing adaptive introgression signals from different source breeds (Figure 3A). Meanwhile, the users could also plot the distribution of the calculated rIBD scores to show the general pattern of the calculated rIBD scores and the extreme values of the calculated rIBD scores (Figure 3B). Generally, our rIBD calculation platform has compact functions and modules including inputting information, calculating rIBD scores, outputting the calculated rIBD scores, and illustrating the plots using the calculated rIBD scores for the users.
[image: Figure 3]FIGURE 3 | The demonstration of the output from the rIBD calculation platform. (A) The demonstration of the rIBD scores from the calculation platform; (B) The output rIBD distribution from the calculation platform.
3.2.3 Advantages of the relative identity-by-descent calculation platform
The advantage of our rIBD calculation platform is that the users are able to input the related information and calculate the rIBD scores directly without requiring any basic knowledge of bioinformatics. This would aid many agricultural breeders, especially from developing countries to obtain the introgression or long-term hybridization information between different breeds. We develop and implement a tool for the first time for rIBD score calculation integrated into a platform that can conveniently be used by agricultural breeders and researchers working in the conservation genetics area. It is necessary to mention that the amount of data which could be analyzed is limited due to the limited support to pay for the running of the standard online server at the moment. The amount of data to be analyzed and the ability of the calculations will also be increased and enlarged with the enlarging impact and usage of our rIBD calculation platform.
4 CONCLUSION
Exploring the genetic basis of long-term hybridization and adaptive introgression is extremely important for explaining evolutionary phenomena in biology, and a method with a corresponding tool to identify these genomic regions in detail during adaptive introgression is extremely useful for the researchers in the area. In this study, we developed the rIBD method and integrated into a calculation platform that is particularly useful for agricultural breeders and researchers working in the area of conservation breeding. Our rIBD method is based on pair-wise IBD comparisons between individual genomes from different source breeds and the admixed breed to map the specific genomic regions due to adaptive introgression. We then integrate the calculation platform with illustrations for the convenient utilization of users. We demonstrate the structure of our rIBD calculation platform and the usage of different modules of our rIBD calculation platform. Our rIBD calculation platform is a useful tool for the researchers working in conservation genetics and conservation breeding area and the agricultural breeders to study the genetic basis and map the genes in detail during adaptive introgression and long-term hybridization.
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Genomic selection (GS) plays an essential role in livestock genetic improvement programs. In dairy cattle, the method is already a recognized tool to estimate the breeding values of young animals and reduce generation intervals. Due to the different breeding structures of beef cattle, the implementation of GS is still a challenge and has been adopted to a much lesser extent than dairy cattle. This study aimed to evaluate genotyping strategies in terms of prediction accuracy as the first step in the implementation of GS in beef while some restrictions were assumed for the availability of phenotypic and genomic information. For this purpose, a multi-breed population of beef cattle was simulated by imitating the practical system of beef cattle genetic evaluation. Four genotyping scenarios were compared to traditional pedigree-based evaluation. Results showed an improvement in prediction accuracy, albeit a limited number of animals being genotyped (i.e., 3% of total animals in genetic evaluation). The comparison of genotyping scenarios revealed that selective genotyping should be on animals from both ancestral and younger generations. In addition, as genetic evaluation in practice covers traits that are expressed in either sex, it is recommended that genotyping covers animals from both sexes.
Keywords: beef, genomic estimated breeding value, pedigree, SSGblup, meta-founder
1 INTRODUCTION
In livestock breeding programs, genomic selection (GS) is a method that uses genomic information to estimate breeding values and rank selection candidates. GS has shaped modern breeding programs and contributed substantially to the increase of genetic progress for various economically important traits, especially in dairy cattle (VanRaden et al., 2009; Meuwissen et al., 2016). The advantages of GS over traditional selection include; shorter generation intervals, increased selection intensity, greater selection accuracies, not limited to sex, and can be generalized to any trait that is recorded in the reference population (Schaeffer, 2006; Aguilar et al., 2010).
Genomic selection has a high potential for improving the genetic gain in beef cattle because reproduction, health, growth rate, meat quality, and feed efficiency are vital traits that contribute to the profitability of this industry, which are difficult and expensive to measure routinely (Van Eenennaam et al., 2011; Montaldo et al., 2012; Hayes et al., 2013). However, the accuracies of genomic breeding values for economic traits in beef cattle are low to moderate (Saatchi et al., 2011; Van Eenennaam et al., 2014). This is for two possible reasons: i) the reference populations that have been assembled for beef cattle are generally smaller than those for dairy cattle, and there are fewer sires with highly accurate progeny tests in comparison with dairy cattle; and ii) unlike dairy cattle, where populations around the world are dominated by just a couple of breeds, there are numerous breeds of importance and even two subspecies (Bos taurus and B. indicus) in the beef industry (Hayes et al., 2013).
Genomic selection in beef cattle was first performed based on pseudo-data with multiple-step methods, such as estimated breeding value (EBV) or daughter yield deviation (VanRaden et al., 2009). This method needs many animals (hundreds of thousands) to be genotyped and have phenotypic measurements for the trait of interest to serve as the reference population. The reference population also needs to be updated, i.e., new animals with both phenotype and genotype need to be added. Although the multiple-step method is practical, it rests on several assumptions that are not met in all situations; for instance, it is impossible to genotype all animals. Also, the predicted accuracy using the multistep procedure is lower when compared to single-step BLUP. Also, the large number of breeds and crossbreds, poor extent of phenotyping, limited use of artificial insemination, less advanced structures and breeding programs, low number of offspring per female, incomplete relationships between identical traits in different countries, and limited data recording on economically important traits have resulted in limited adoption of GS in beef cattle (Goddard, 2009; Johnston et al., 2012; Van Eenennaam et al., 2014). Despite these difficulties, results of applying GS have been reported in some studies (Hayes et al., 2019; Wang et al., 2019; Zhu et al., 2019). All studies reported the benefits of applying GS in beef cattle and showed that GS could be a practical alternative to traditional selection approaches. Due to the mentioned limitations, the single-step genomic best linear unbiased prediction (ssGBLUP) method that combines all types of information (phenotype records, pedigree, genotypes) seems to work best in practical genetic evaluation in beef cattle. The main benefit of this method is that all animals in evaluation can get genomic-enhanced breeding values, even if not all have been genotyped (Misztal et al., 2009; Legarra et al., 2014).
Berry et al., 2016 reviewed prediction accuracy with the use of genomic data for some traits in beef cattle. However, guidelines to implement the method in practice are lacking. The main challenge in the implementation of GS for a breeding organization would be which and how many animals to be genotyped as the initial step. Even though, the cost of genotyping is not an obstacle nowadays, but contrary to dairy, the beef industry is much smaller, and genetic evaluation is performed on a much smaller scale in most countries. This is because beef production is highly influenced by the dairy sector with calves and cattle not required for dairy products being fattened to produce meat (Deblitz, 2008). Smaller industries can easily translate to the fact that breed associations and companies have much fewer resources to spend on genotyping. In the ideal situation, there may be possibilities to spend some funding on genotyping of the semen sires that are in service. However, a large proportion of genotyping costs for younger animals would be paid by the farms which traditionally are slower adopters of technology than dairy farmers. This could be due to a multitude of reasons, including the lower business margin.
While genotyping of the ancestral sires in a sense that they have contributed much more than their contemporaries to the current generations seems logical, however, sustainable genetic gain in a breeding scheme needs accurate selection in younger generations as well. In addition, similar to dairy cattle, genetic progress in a breeding scheme in beef is not only driven by bulls but also depends on the superiority of the dams of the candidates. Based on this, we hypothesized that prediction accuracy in selection candidates might differ when genotyping is only on ancestors, younger generation, and is restricted for males or females. Thus, the main aim of this study was to evaluate genotyping strategies in terms of prediction accuracy as the first step in the implementation of GS in beef. In particular, the goal was to compare and to contrast the importance of genotyping the ancestors and distributing the genotyped individuals for the two sexes on the predicting accuracy. The study was conducted under the assumption that a number of animals being genotyped is the main constraint.
2 MATERIALS AND METHODS
2.1 Definition of the population structure
Using QMSim software, a historical population of beef cattle was simulated based on the forward-in-time process (Sargolzaei and Schenkel, 2009). In total, 2020 generations were considered for the historical population. For the first 1,000 generations, the population size ([image: image] = 1,000) was constant and gradually decreased to 200 individuals to generate linkage disequilibrium (LD) during generations 1,001 to 2020.
In the second step, to enlarge the base population, 100 Founder males and 100 Founder females were selected randomly from the last generation of the historical population (Expanded generations) and were mated randomly for another eight generations. In the third step (Breed formation), five random samples, as the base for five breeds (A-E), were randomly chosen from the last generation of the previous step. In this step, mating and selection were also random within each breed, producing two offspring per dam for 30 generations. In the last step (step 4), population structure was simulated to mimic the production and genetic evaluation system in practice such that parameters were chosen to be realistic five breeds with different sizes were simulated for 15 generations. Selection in all breeds was based on EBVs using pedigree-based BLUP, and the culling of animals was based on age. It was assumed that pedigree was available for all breeds without error, and base animals in this step were considered as meta founders (i.e., one meta-founder per breed). Sire and dam replacement ratio was different across breeds (Table 1).
TABLE 1 | Parameters of the simulation process.
[image: Table 1]2.2 Scenarios
Five scenarios were compared in terms of prediction accuracy of selection candidates in the last generation (15th generation). Scenarios included a reference scenario (Ref. Sc) without genotypic data and scenarios with both genotypic and phenotypic information (Sc. 1 to Sc. 4). In all scenarios, it was assumed that phenotypic and pedigree data were available for the last 15 generations, and animals could be genotyped from the 7th generation onward. In all genomic scenarios, 5,000 animals could be genotyped. Genotyping scenarios differed in the method applied for the selection of 5,000 animals to be genotyped. In Sc. 1, the genotyping strategy was focused on young animals and only male progenies from the pool of selection candidates of generation 15 were selected randomly. In Sc. 2, genotyping was only on males but both young animals and ancestral sires could be genotyped. The criteria for selection of ancestral sires were that a sire should have at least 10 progenies in the population to be selected for genotyping. In Sc. 3, both male and female progenies from generation 15 could be genotyped. In Sc. 4, randomly selected ancestral sires, ancestral dams, and selection candidates (both males and females) were selected to be genotyped. The number of male and female animals with genotypic record in each scenario across breeds is presented in Table 2.
TABLE 2 | Number of male and female animals with genotyping record in each scenario according to breeds.
[image: Table 2]In all scenarios, irrespective of the availability of genotypic data, two other factors were considered to evaluate their impact on the prediction accuracy of the selection candidates. The first factor was the number of phenotypic records which could be collected and used for the genetic evaluation. It was assumed that 20, 60, and 100 percent of the animals could have phenotypic observations (cases 1–3: 100 MF, 60 MF, and 20 MF). This phenotyping scenario was considered to cover a range of traits such as birth weight, where data are collected routinely in practice, and a scarcely recorded trait such as meat quality, where normally 20% of animals in the evaluation would have records available in practice. The second factor was the simulation of a sex-limited trait where either males (e.g., scrotal circumference) (cases 3–6: 100 M, 60 M, and 20 M) or females (cases 6–9: 100 F, 60 F, and 20 F) could have phenotypic records. A schematic representation of the genotyping and phenotyping scenarios is in Figure 1.
[image: Figure 1]FIGURE 1 | Schematic representation of the genotyping and phenotyping scenarios.
2.3 Genome architecture
A genome consisting of 29 pairs of chromosomes with a total length of 2,319 cM was simulated. For each animal, single nucleotide polymorphisms (SNPs) markers with the density of 50 K and n = 800 QTL were considered. Both SNPs and QTL were selected from the segregating loci of the last generation of the historical population with a Minor Allele Frequency (MAF) of greater than 0.1 and were randomly spaced across the genome. Recurrent mutation rate of [image: image] for both marker and QTL was considered. The additive allelic effect for each QTL was sampled from gamma distribution with shape parameters equal to 0.4 (Table 1).
2.4 Simulation of phenotypes and GEBV
A single trait with a heritability of 0.3 and phenotypic variance of 1.0 was simulated. The True Breeding Values (TBV) for each animal were calculated as follows:
[image: image]
Where [image: image] is the additive effect of QTL [image: image], [image: image] is the QTL genotype at locus [image: image], coded as 0, 1, or 2, as the number of copies of a specified QTL allele is carried by an individual ([image: image]). The phenotypes [image: image] were simulated by adding residual term sampled as [image: image] where [image: image] is the residual variance.
2.5 Genetic evaluations
2.5.1 BLUP with unknown parent groups (UPGs)
For the reference scenario, a single-trait BLUP with UPG was used to estimate the breeding values. In this scenario, all five breeds were analyzed together in a multi-breed model. EBVs were estimated based on the model (2):
[image: image]
Where [image: image] is the vector of simulated phenotypes, [image: image] is the constant average, [image: image] is the design matrix connecting records to fixed effects (sex, breed), [image: image] is an incidence matrix relating animals to observations that connects animals to observations; [image: image] is the vector of random additive genetic effects; [image: image] is a matrix that contains UPG compounds for all individuals; [image: image] is the vector of UPG effects, and [image: image] is the vector of random residuals. The trait of interest was considered to be the same across all breeds (i.e., rg = 1). Random effects were assumed to be independent and normally distributed:
[image: image]
Where [image: image] is the numerator relationship matrix, [image: image] is the identity matrix, [image: image] is the direct additive genetic variance, and [image: image] is the residual variance. In this model, the EBV was
[image: image]
where [image: image] was the total EBV, including UPG effects.
2.5.2 ssGBLUP with meta-founder
For genomic scenarios (Sc. 1–Sc. 4), the ssGBLUP with meta-founder was used. In the meta-founder approach, a modified [image: image] is substituted for the traditional [image: image] matrix (Christensen et al., 2015; Legarra et al., 2015)
[image: image]
Where [image: image] is the inverse of the realized relationship matrix with meta-founder, [image: image] is pedigree relationship matrix formed with a [image: image] matrix, [image: image] is a submatrix of [image: image] for the genotyped animals, and [image: image] is genomic relationship matrix with meta-founder constructed as:
[image: image]
Where [image: image] is the incidence matrix with elements of 1, 0 and −1 for AA, Aa, and aa, respectively; [image: image] is the half of the number of markers.
Matrix 𝚪 represents within and across population relationship matrix. The structure of variance-covariance of meta-founder was estimated as [image: image], according to the method presented by Christensen et al. (2015), where [image: image] is a matrix with [image: image] columns ([image: image] = total number of meta-founder) and [image: image] rows ([image: image] = total number of markers), containing the frequency of the second allele per breed.
The genetic evaluation analysis was performed under the restricted maximum likelihood (REML) approach using an animal model in the BLUPF90 family software (Misztal et al., 2015). The prediction accuracy in each scenario was computed as the correlation between TBV and (G)EBV in the 15th generation.
3 RESULTS
In all scenarios, the use of genomic information irrespective of phenotyping strategy, increased the prediction accuracy compared to the Ref. Sc (Table 3). The range of prediction accuracy in Ref. Sc scenario was between 0.14 and 0.34 and for GS scenarios between 0.19 and 0.50. The average prediction accuracy across scenarios were 0.23, 0.31, 0.38, 0.28 and 0.41 for Ref. Sc and Sc. 1 to 4, respectively. Among the GS scenarios, Sc. 4 had the highest accuracy across phenotyping strategies, followed by Sc. 2. In both Sc. 4 and Sc. 2, ancestral animals with contributions to the population (i.e., had some progenies) were genotyped in addition to selection candidates. For scenarios where genotyping was limited to the young selection candidates (Sc. 1 and Sc. 3), prediction accuracy was lower than the scenarios where genotyping was on animals from young and older generations.
TABLE 3 | Prediction accuracy across scenarios under different phenotyping scenarios.
[image: Table 3]Figure 2 shows the prediction accuracy in males and females. Nearly in all scenarios and cases, males were predicted more accurately than females. Even when only 20% of males had a phenotypic record, the accuracy is higher than when 20% of male and female animals or only 20% of female animals had a phenotypic record, which shows the more significant effect of male phenotypic records on the prediction accuracy.
[image: Figure 2]FIGURE 2 | Prediction accuracy in males and females.
As expected within each scenario, higher percentage of phenotype availability, resulted in higher prediction accuracy. The trend was similar for all scenarios and irrespective of the availability of records on both or either of sex. Results also show that when the trait of interest could be measured on both sex (Cases 100, 60, 20 MF), on average prediction accuracy was higher than when trait was sex-limited. For sex-limited traits, prediction accuracy was similar whether it was measured on males or females, however, mean accuracy were slightly higher when trait of interest was measured on male animals (0.34 in females and 0.36 in males).
Table 4 shows the prediction accuracy for animals without phenotypic records in different cases for selection candidates. The aim would be to realize how genotyping strategy would affect prediction accuracy in animals without records in the last generation. Prediction accuracy in males without records was highest based on Sc. 2 and lowest based on Sc. 3 with an average of 0.41 and 0.24, respectively. Prediction accuracy for females without records was highest in Sc. 4 and Sc. 3 with an average of 0.41 and 0.28, respectively. Note that prediction accuracy for some phenotyping cases is not presented as either all animals had phenotypic records (Case 100 MF) or trait was sex limited (Case 100 M and Case 100 F). (The solution for UPG was similar among breeds and Supplementary Table S1 shows mean solution for UPG each breed across cases.)
TABLE 4 | Prediction accuracy for animals without phenotypic records in males and females according to cases.
[image: Table 4]4 DISCUSSION
We investigated the potential of applying GS in beef cattle when the aim was improving prediction accuracy in selection candidates. Four selective genotyping scenarios were compared to traditional pedigree-based evaluation. Results showed fair improvement in prediction accuracy, albeit a limited number of animals being genotyped.
One challenge with applying GS in practice is that there are many selection candidates, and genotyping all of them is often impractical. Genotype scenarios should only genotype small proportions of selected candidates welcomed by breeders because results have shown that significant investments in the genotype of selected candidates are not necessary to take full advantage of the benefits of genomic selection (Pryce and Daetwyler, 2012; Howard et al., 2018). As the results showed that the determination of the genotype of only the selected candidates, regardless of gender, has the lowest prediction accuracy (Sc. 3). Our study investigated the importance and effect of genotyping and phenotyping scenarios on prediction accuracy. The results showed that genotyping of both the selection candidates), and male and female ancestors, could be used to maximize the advantage of genomic selection (Sc. 4). In fact, Sc. 4 confirms the more significant effect of the female genotype than the male genotype and the more significant influence of the ancestral genotype than the selected candidates on the prediction accuracy (because they have more offspring, more information). The lower effect of male genotypes on the accuracy of predictions in this study can be allocated to the effect of the pedigree relationship between individuals. This makes it difficult to make accurate sire selection decisions (Nwogwugwu et al., 2020). In addition, in beef cattle, the offspring are smaller per male and more significant in each female than in dairy cattle. Determining the female genotype in beef cattle can significantly contribute to genetic accuracy and development. As a result, selective genotyping of only part of the selection candidates, males and females of the ancestors, can increase the prediction accuracy. In addition, we can make the most of the benefits of genome selection while saving on genotype costs.
Natural mating of multiple sires is the most common mating system in beef cattle production, despite the management advantages of this mating system, it does not allow for identification the paternity of the progeny (Tonussi et al., 2017). So, because the information of the cows is known, the genotype of females is easier Given that the genotypic data of females are usually more available than males (Mrode, 2019), accuracy can be increased by increasing the genotypic data of females (Tsuruta et al., 2013). Various studies have examined the effect of female genotype on prediction accuracy, including a study using a multi-step method that reported a decrease in accuracy using female genotype (Wiggans et al., 2011). However, in our study using the ssGBLUP approach, accuracy was increased by including the female genotype, and also consistent with the results reported by Tsuruta et al., 2013; Lourenco et al., 2014. In addition, in all genomic scenarios, by examining prediction accuracy in males and females separately, it can be concluded that increasing the genotypic information of females, the prediction accuracy increases (Figure 2).
In practical situation, all animals being evaluated rarely have phenotypic information, and the records are not widely available for traits such as disease and meat quality. To address this issue, we considered different phenotypic scenarios in our simulation. In all studied scenarios, with decreasing phenotypic records, prediction accuracy also decreases, which indicates a direct relationship between phenotypic records and prediction accuracy (Goddard, 2009; Takeda et al., 2020).
Genomic prediction in beef cattle provides accuracy higher than the average of parents based on the pedigree of selected candidates. It can be equivalent to progeny tests based on a maximum of 10 offspring (Garrick, 2011). In addition, ssGBLUP is superior to traditional evaluation methods because ssGBLUP uses phenotypes instead of pseudo-phenotypes and considers the entire population structure for GEBV estimation (Lourenco et al., 2014). This can be used for beef cattle selection in that only a tiny proportion of animals have pedigree and genotype. Estimated breeding value assessment with BLUP depends on the phenotype, parents, and progeny. But the ssGBLUP method is less sensitive to scenarios where animals selectively genotyped and, or genomic preselection exists compared to the multiple-step methods. Hence, ssGBLUP in conventional evaluations is attractive (Masuda et al., 2018). The ssGBLUP method is conceptually and practically simpler than the multiple-step GBLUP method, and in addition, it does not have shortcomings such as bias and loss of information of with few progenies, as well as operational complexity (Christensen and Lund, 2010; Legarra et al., 2014). Therefore, the ssGBLUP method is simpler and applicable to complex models and is generally as accurate as multiple-step methods (VanRaden, 2012; Mehrban et al., 2019). Also, Due to the lower sensitivity of the ssGBLUP method to genotyping scenarios, this method can be used to determine the best genotyping scenario to reduce genotype costs while increasing accuracy (Howard et al., 2018).
In our study, genetic evaluation was based on multiple breeds information. When several breeds are combined in one assessment, there is generally no pedigree information among breeds. As a result, UPG (Quaas, 1988) has been developed to model missing pedigrees and to explain breed differences in multi-breed evaluations(Legarra et al., 2007; VanRaden et al., 2007). However, UPG solutions, when evaluated with the ssGBLUP model, may be biased due to genomic incompatibility ([image: image]) and pedigree-based relationship ([image: image]) matrices due to the lack of genotypes of all animals in the pedigree (Misztal and Legarra, 2017; Kudinov et al., 2020). Legarra et al. (2015) developed a meta-founders theory to solve this problem and consider the relationships within and between the founding population. Several studies have reported improved genetic evaluation performance using meta-founder (Bradford et al., 2019; Junqueira et al., 2020). Accordingly, we used the method to account for the genetic level of base animals of each breed in step 4.
The pedigrees used in genetic evaluations may go back to a few base populations thought to be unrelated due to a lack of access to information (Legarra et al., 2015). In addition, information is not available at the beginning of the pedigree, and animals of several generations may have missing pedigree information (Tsuruta et al., 2019). Also, populations are selected, and animals with missing parents are unlikely to be chosen as parents of the next-generation because their breeding value is reduced to zero (Legarra et al., 2015; Kluska et al., 2021). Unknown parent groups and Meta-Founder can be used to calculate missing pedigree and breed structure in multi-breed populations such as beef cattle (Kluska et al., 2021).
We investigated the potential of applying GS in beef cattle when the aim was improving prediction accuracy in selection candidates. Four selective genotyping scenarios were compared to traditional pedigree-based evaluation. Results showed fair improvement in prediction accuracy, albeit a limited number of animals being genotyped. Comparison of GS scenarios revealed that selective genotyping should be on animals from both ancestral and younger generations. In addition, as genetic evaluation in practice cover traits that are expressed on either sex, it is recommended that selective genotyping covers animals from both sexes as well.
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Qaidam cattle (CDM) are indigenous breed inhabiting Northwest China. In the present study, we newly sequenced 20 Qaidam cattle to investigate the copy number variants (CNVs) based on the ARS-UMD1.2 reference genome. We generated the CNV region (CNVR) datasets to explore the genomic CNV diversity and population stratification. The other four cattle breeds (Xizang cattle, XZ; Kazakh cattle, HSK; Mongolian cattle, MG; and Yanbian cattle, YB) from the regions of North China embracing 43 genomic sequences were collected and are distinguished from each of the other diverse populations by deletions and duplications. We also observed that the number of duplications was significantly more than deletions in the genome, which may be less harmful to gene formation and function. At the same time, only 1.15% of CNVRs overlapped with the exon region. Population differential CNVRs and functional annotations between the Qaidam cattle population and other cattle breeds revealed the functional genes related to immunity (MUC6), growth (ADAMTSL3), and adaptability (EBF2). Our analysis has provided numerous genomic characteristics of some Chinese cattle breeds, which are valuable as customized biological molecular markers in cattle breeding and production.
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1. Introduction

Domestic cattle are one of the important animals that have been used as a source of materials for production and development by human civilization. Approximately 850,000 years ago, domestic cattle diverged into two groups, namely, humpless taurine (Bos Taurus) and humped indicine (Bos Indicus) (1, 2). Moreover, environmental factors, geographical isolation, and human activities also contributed to the development of present-day cattle. Through a long period of domestication, megabases (Mb) of DNA gradually enriched the genomic diversity among cattle breeds (3).

As of 2021 (4), there are already 55 Chinese indigenous breeds. The Qaidam cattle (CDM) is one of the 55 breeds reared in Northwest China (36°21'−39°23' N, 90°30'−99°30' E, Qinghai Province, China), where the drought (annual precipitation <200 mm) and high altitude (2,600–3,000 m) environment is predominant, and these conditions made the Qaidam cattle breed have more stress resistance, rough feeding tolerance, and environmental adaptability. During the Yuan dynasty (AD 1271–1638) period, the Mongolian army introduced the Mongolian cattle (Bostaurus) into the present-day Qinghai and Gansu Provinces of China during a southward invasion, which might have influenced the breeding herds of the present Qaidam cattle. Paternal and maternal diversity studies indicated that Qaidam cattle included two lineages (1, 5). The autosomal genetic evidence suggests that the Qaidam cattle was closer to Mongolian cattle, which is a hybrid of Bos Taurus × Bos Indicus (1). The purebred Qaidam cattle have not been effectively protected for their low economic returns. There was a 47.80% decrease in the Qaidam cattle population by 2006 compared to the 1981 Qaidam cattle population (6).

The copy number variations (CNVs) are defined as the deletion or duplication of a genome copy number, ranging from 50 bp to several Mb in length (7). As compared to SNP mutations, the CNV fragments are large in length and cover a wider range of genomes that have broader prospects in studying animal genetics and breeding application. Recently, next-generation genome sequencing technologies have been continuously used to detect the genome-wide CNVs of livestock (8, 9). However, numerous genomic studies exploring CNVs in commercial cattle breeds have underestimated the role of native breeds in the adaptation process (10, 11).

In the present study, we performed a genome-wide CNV analysis using genomic resequencing data in six Chinese cattle breeds. The purpose was to generate a comprehensive CNV landscape in Qaidam cattle to investigate and compare the diversity and population–genetic properties of the CNV regions (CNVRs) among them and to explore the diverse selection patterns involved with the CNV genes for local adaptation in Chinese native cattle.



2. Materials and methods


2.1. Genome resequencing and samples collection

Qaidam Basin is the highest basin in China with an altitude of 2,600–3,000 m and is located in the northwest region of the Qinghai Province and the northeast region of the Qinghai–Tibet Plateau. The climate of the basin is characterized as extremely dry and cold, with an annual average precipitation of <200 mm and an annual average temperature of ~3.0–6.5°C. To reflect the sample representativeness of the Qaidam cattle, 20 samples were collected from five different counties/cities (Dulan, Golmud, Mangya, Wulan, and Dachaidan) in the Qaidam Basin (Supplementary Table 1, Figure 2A).

The ear tissues of selected samples were used for DNA extraction by the standard phenol–chloroform protocol. Genomic DNA was constructed into 350-bp libraries and sequenced using Illumina NovaSeq at Novogene Bioinformatics Institute (Beijing, China). Moreover, 42 publicly available data of four Chinese cattle breeds were downloaded in this study (10 Mongolian cattle, MG; 9 Xizang cattle, XZ; 15 Yanbian cattle, YB; and 8 Kazakh cattle, HSK) (Supplementary Table 2). It is worth noticing that the resequencing data of one Xizang cattle (Sample ID: Xizang9) was offered by the Key Laboratory of Animal Genetics, Breeding and Reproduction of Northwest A&F University (Supplementary Table 2).



2.2. Genome data generation and CNV calling

Read pairs were aligned to the B. taurus reference assembly (ARS-UCD1.2) using the Burrows–Wheeler Aligner (BWA) program with default parameters (12). Then, CNVcaller (13) was applied to call the CNV in each individual. First, to create a B. taurus reference database, the ARS-UCD1.2 was split and the overlapping windows were recommended as 800 bp (13). Second, the reads number in each window was calculated, and high similarity (≧97%) reads were merged into segments of the autosomes. Third, the GC bias was used to standardize the copy number in each window, and it was used to classify the different genotypes of each sample. Finally, various steps of CNVcaller filtering parameters were carried out: -f 0.1 -h 3 -r 0.1; a Silhouette score of > 0.6; the length of CNVR of ≤ 50 kb (deletion and both), with the length of CNVR of <500 kb (duplication) (15).



2.3. Breed/population differentiation

Principal component analysis (PCA) was used to stratify and cluster the close breeds/populations, which plays a positive role in understanding the genetic differences among cattle subpopulations. According to the smartPCA module of EIGENSOFT (Program 2006), the PCA calculation was performed based on the four different CNVR datasets.



2.4. Differential CNVR identification

We calculated VST (15) between Qaidam cattle and the other four cattle breeds (XZ, YB, HSK, and MG) to identify the differential CNVRs. The VST is a method to calculate selection between populations similar to the FST method. The formula is VST = (VT – VS)/VT, where VT represents the variance among all the unrelated individuals and VS is the average variance within each population, weighted for population size (16). Finally, the top 1% gene cluster of the VST method was kept out by the outlier method.

The ANNOVAR was applied to annotate the CNVRs in our results (14). Further, the Kyoto Encyclopedia of Genes and Genomes (KEGG) and gene ontology (GO) analysis were performed on the candidate CNV genes by KOBAS 3.0. Since the enriched terms were retained with a p-value of <0.05, we preferred showing some of the top pathways; for more information, please see Supplementary Tables.




3. Results


3.1. CNV discovery and CNVR set statistics

We collected 63 Chinese cattle whole genomes representing five breeds from the north and northwest regions of China, including 20 Qaidam cattle, 10 Mongolian cattle, 15 Yanbian cattle, nine Kazakh cattle, and nine Xizang cattle (Figure 2A, Supplementary Table 2). The mean sequencing depth was performed to 12-fold coverage of the Bos taurus genome (Supplementary Table 2). Among the 63 genomes, we newly sequenced 20 Qaidam samples and one Xizang sample at ~9-fold coverage each (Supplementary Table 2), and the other 42 genomic sequences were available online.

We applied a read–depth-based bio-software (CNVcaller) to discover autosomal CNVs among individuals relative to the ARS-UCD1.2 reference genome. We generated the CNVR datasets from each cattle breed. The CNVR set contained 10,178 CNVRs, which were detected from 63 cattle genome datasets. There were 5,743 duplication CNVRs; 4,187 deletion CNVRs; and 248 both duplication and deletion CNVRs (Supplementary Table 3). Here, 10,178 CNVRs (duplication, deletion, and both duplication and deletion) were divided into different length groups (Figure 1A). The CNVRs annotation showed that the number of CNVRs was 5,398 (53.04%), which were detected in 2–5 kb size. It was observed that 55.92% CNVRs were located in the intergenic region followed by the intron region (35.77%). However, only 1.16 % CNVRs were detected in the coding exonic region (Figure 1B). And the CNVRs distribute randomly in the chromosome both in number and length (Figure 1C).


[image: Figure 1]
FIGURE 1
 Genomic diversity and distribution of CNVRs. (A) The number of the detected CNVR. (B) Annotation of CNVRs with various genomic features. The inner circle indicates the intronic region, intergenic region, and the remaining set of functional regions (outer_part). The outer circle includes ncRNA intronic; exonic; UTR3; downstream; upstream; ncRNA exonic; UTR6; splicing; upstream and downstream; exonic and splicing. (C) The autosomal distribution of CNVRs. The location with different colors represent duplication (blue), deletion (red), and both duplication and deletion (green).




3.2. Population structure

With the effect of balancing selection, abundant polymorphisms of the genomic copy number variation are found in Chinese Bos taurus. A principal component analysis (PCA) was carried out with an obvious distinction from deletions (Figure 2B), duplications (Figure 2C), and total CNVRs datasets (Figure 2D). Qaidam cattle population is broadly distinguished from Mongolian, Kazakh, and Xizang breeds and closely clustered with the Yanbian breed. The PC1 explained ~30.13–50.86% of the genetic variation. For deletions, PC1 (30.13% of the variance) could separate Qaidam and Yanbian breeds from the other breeds, and PC2 (3.52% of the variance) could distinguish Xizang cattle (Figure 2B) from the other breeds (Kazakh and Mongolian cattle). Compared to deletions, duplications separated Qaidam cattle from all other breeds, in general, as shown in the PCA, but its clustering had less accuracy (Figure 2C). The effect of the PCA using both CNVR types was not optimistic in the clustering populations (Supplementary Figure 1). Interestingly, Kazakh and Mongolian cattle populations showed greater separation within these breeds by duplication. Unlike Qaidam, Xizang, and Yanbian cattle, Kazakh and Mongolian cattle may have less pressure of selection, which caused numerous meaningless duplications. These data suggest that artifical selection has shaped the CNVR diversity of each cattle breed during animal domestication.


[image: Figure 2]
FIGURE 2
 Geographic distribution and population stratification in five Chinese cattle. (A) The major geographical locations of the five Chinese cattle breeds. The dotted circle represents the Qaidam Basin, which is the main geographical distribution area of Qaidam cattle. In this study, Qaidam cattle were selected from five geographical locations along the Qaidam Basin, as shown in the lower right corner, which are Dulan, Golmud, Mangya, Wulan, and Dachaidan. (B) The principal component analysis (PCA) was derived from CNVRs (deletions). (C) PCA derived from CNVRs (duplications). (D) PCA derived from all CNVRs in five population genomes.




3.3. Differentiated CNVRs between Qaidam cattle and other cattle breeds

We calculated the VST between Qaidam cattle (CDM) and other cattle breeds from the regions of North China (XZ, HSK, YB, and MG) (Supplementary Figure 2, Supplementary Tables 4–7). First, the top 1% signal value regions were kept out; then, it was annotated by the cattle reference genome (ARS-UCD1.2).

The selection signals between CDM and YB were enriched to “MAPK signaling pathway” (p = 4.49 × 10−7), “Pi3k-akt signaling pathway” (p = 1.82 × 10−8), “mTOR signaling pathway” (p = 3.22 × 10−6), “HIF-1 signaling pathway” (p = 4.95 × 10−5), and “aldosterone-regulated sodium reabsorption” (p = 5.91 × 10−4) (Figure 3A, Supplementary Table 8). There were five candidate genes (MUC6, WDR25, CNNM4, MGAM, and GFRA2) in the study (Figure 4A, Supplementary Table 4). The selection signals between CDM and MG were enriched to “ErbB signaling pathway” (p =2.73 × 10−4), “calcium signaling pathway” (p =2.69 × 10−3), “GnRH signaling pathway” (p = 0.01122), and “insulin signaling pathway” (p = 0.04588) (Figure 3B, Supplementary Table 9). Among these annotated genes, four genes (PTPRT, BOLL, PLIN4, and ADGRL3) deserved more attention in copy number between CDM and MG (Figure 4B, Supplementary Table 5). The selection signals between CDM and XZ were enriched to “axon guidance” (p = 5.48 × 10−6) and “ErbB signaling pathway” (p = 7.49 × 10−5) (Figure 3C, Supplementary Table 10). Among these annotated genes, five genes (PLIN4, CDH13, SYCP1, PTPRC, and ADAMTSL3) were noteworthy in copy number between CDM and XZ (Figure 4C, Supplementary Table 6). There was a difference in copy numbers between CDM and HSK. The selection signal enrichment pathways between CDM and HSK include “bacterial invasion of epithelial cells” (p = 1.10 × 10−3), “Salmonella infection” (p = 0.02195), and “human immunodeficiency virus 1 infection” (p = 0.02446) (Figure 3D, Supplementary Table 11). Among these annotated genes, three genes (KHDRBS2, THRDE, and EBF2) were notable in copy number between CDM and HSK (Figure 4D, Supplementary Table 7).


[image: Figure 3]
FIGURE 3
 KEGG pathways from the enrichment analysis. (A) CDM vs. YB; (B) CDM vs. MG; (C) CDM vs. XZ; (D) CDM vs. HSK) (p < 0.05). We preferred showing part of the pathways; for more information, please see Supplementary Tables 8–11.
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FIGURE 4
 Normalized copy number comparison of the top 1% VST genes between CDM and other populations. (A) CDM compared with the YB population. (B) CDM compared with the MG population. (C) CDM compared with the XZ population. (D) CDM compared with the HSK population.





4. Discussion

During domestication and diversification, the frequency of copy number variation in the species' genome responds to selective pressure. Considerable effort has been applied to identify the causal mutations and genes. However, screening the selected genomic copy number genetic markers is complex. Over the past decades, high-throughput sequencing techniques and bioinformatics tools have been increasingly used to construct genome-wide CNV maps (1, 15, 17, 18). The diversity of CNVs has been extensively explored in Bos Taurus, Bos Indicus, and their crossing populations.

In our study, we investigated the CNV of 20 newly resequenced Qaidam cattle genomes based on the ARS_UCD 1.2 cattle reference genome. It improved the reliability of screening CNVs more than through UMD 3.1 assembly (19, 20). A total of 10,178 CNVRs were detected in five Chinese indigenous cattle breeds, and more than 99.9% CNVRs in length ranged from 1 to 100 kb. It was suggested that CNVs were widespread in Chinese cattle and may have been caused by the rapid adaptation during population expansion. For better statistics, variants were divided into three categories: duplication, deletion, and both duplication and deletion. The duplication was higher than deletions in number (Supplementary Table 3). And most of the CNVRs ranging from 2 to 5 kb in length (Figure 1A). In addition, the location of CNVRs is not uniformly distributed in the cattle genome (Figure 1C), and they are also not randomly distributed on chromosomes. The annotation uncovered that CNVRs are mostly annotated in the intergenic or intronic regions in the cattle genome. A previous study has also supported that many CNVRs are located on highly variable genes (15).

Compared to the analysis of the genome CNV in Qaidam cattle (18) for the first time, the role that CNVs have in the evolution of Qaidam cattle is becoming clear through our present study. The Qaidam cattle have strong adaptability to the arid environment, exhibiting dry, hypoxia, low air pressure, and large diurnal temperature difference (relative humidity 29–42%, precipitation 140–210.4 mm). Interestingly, YB cattle have almost opposite living conditions (relative humidity 68.6%; precipitation 500–700 mm) than Qaidam cattle. By consulting scientific articles, we found that EBF1 and ZNF521 related to fat development (21, 22) and VEGFA, EGLN2, and ENO3 were associated with high altitude hypoxic adaptation (23–25). In the enrichment analysis, the MGAM gene was significantly enriched in the “metabolic pathways (bta01100, P-value = 0.000113)” (Figure 3A), and was also clustered in the “carbohydrate metabolic process (GO:0005975, P-value = 0.014482)” (Supplementary Table 8). A previous study reported on the CNVR overlapping with the MAGM gene, and that it was related to starch digestion (26). Specifically, we found that MUC6 in Qaidam cattle was a normal-type CNVR, but it is a deletion CNVR in the YB cattle genome (Figure 4A). A previous study found CNV polymorphism in the MUC6 gene of domestic sheep, and this CNVR presents normal or duplication under arid environments, and deletion in warm and humid environments (27). Structurally, large numbers of tandem repeats rich in Pro, Thr, and Ser residues in MUC6 can affect the covalent attachment of O-glycans (28). In ruminants, such as sheep and cattle, the MUC6 gene has been associated with gastrointestinal parasite resistance (29, 30). Therefore, we hypothesized that the copy number difference of the MUC6 gene may influence the ability of antiparasitic immunity in Qaidam cattle and YB cattle.

High-quality beef is the breeding target of Qaidam cattle. In the comparison between Qaidam cattle and MG cattle (Supplementary Figure 2B), we observed that the PRKCA, CAMK2D, PHKB, and GRID2 genes (Supplementary Table 5) (VST value > 0.43) were related to muscle growth and development by searching previous research studies (31–34). Moreover, we identified PTPRT, BOLL, PLIN4, and ADGRL3 gene regions in the CNVRs of the top VST values which have obvious copy number differences between Qaidam cattle and MG cattle (Figure 4B). The ADGRL3 gene is associated with the nervous system of the Fuzhong buffalo (34). In addition, PTPRT (Chr13: s17021.1) was associated with body weight for pre-weaning growth in Esme sheep (35). In addition, the functional enrichment analysis of candidate genes with top 1% signal VST values revealed that the “GnRH signaling pathway” and “calcium signaling pathway” were significantly overrepresented. These results imply that the selected genes might contribute to the characteristics of growth rate and meat quality in Qaidam cattle.

Body size is one of the important traits in the evaluation of beef selection. In this study, we identified ADAMTSL3, PLIN4, CDH13, SYCP1, and PTPRC genes of the top 1% signal regions between Qaidam and XZ cattle (Supplementary Table 6). According to previous research, ADAMTSL3 plays an important role in chondrogenesis, morphogenesis, and skeletal growth in humans (36). A previous study reported that the bovine ADAMTSL3 gene has specific polymorphisms in individuals and the SNPs (T1532C and C1899T) were significantly associated with body size traits (37). Our results further suggested that copy number in the ADAMTSL3 gene may be one of the reasons for the difference in body size between XZ cattle and Qaidam cattle.

By comparing the copy number differences between the HSK and Qaidam breeds on the genome (Supplementary Figure 2C), we identified CNVRs with significant differences including KHDRBS2, THRDE, and EBF2 (Figure 4D, Supplementary Table 7). One of the eye-catching genes was EBF2, which has copy number polymorphism and showed a normal type in Qaidam cattle but a deletion type in HSK cattle (Figure 4D). Previous studies showed that EBF2 promotes brown adipocyte differentiation (38) and that its loss in mouse adipocytes abrogates brown adipose tissue (BAT) characteristics and function, leading to cold intolerance (39, 40). The cold tolerance of Qaidam cattle is an essential characteristic and it was speculated to be related to the copy number variation of EBF2.



5. Conclusion

Based on the high-quality Bos taurus reference genome, we constructed a CNV map of Northern Chinese Qaidam cattle using whole-genome resequencing data. Moreover, there are many copy number differences between Qaidam cattle and other cattle breeds from the regions of North China. It may play a crucial role in understanding the Qaidam cattle's adaptability, growth, and developmental characteristics In conclusion, these results provide a wealth of CNVR information to explore the valuable molecular markers in the Qaidam cattle genome.
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As a member of the SNX family, the goat sorting nexin 29 (SNX29) is initially identified as a myogenesis gene. Therefore, this study aimed to examine the polymorphism in the SNX29 gene and its association with growth traits. In this study, we used an online platform to predict the structures of the SNX29 protein and used quantitative real-time PCR to detect potential copy number variation (CNV) in Shaanbei white cashmere (SBWC) goats (n = 541), Guizhou black (GB) goats (n = 48), and Nubian (NB) goats (n = 39). The results showed that goat SNX29 protein belonged to non-secretory protein. Then, five CNVs were detected, and their association with growth traits was analyzed. In SBWC goats, CNV1, CNV3, CNV4, and CNV5 were associated with chest width and body length (P < 0.05). Among them, the CNV1 individuals with gain and loss genotypes were superior to those individuals with a median genotype, but CNV4 and CNV5 of individuals with the median genotype were superior to those with the loss and gain genotypes. In addition, individuals with the gain genotype had superior growth traits in CNV3. In brief, this study suggests that the CNV of SNX29 can be used as a molecular marker in goat breeding.

KEYWORDS
sorting nexin 29 (SNX29) gene, copy number variation (CNV), growth traits, goats, marker-assisted selection (MAS)


Introduction

Members of the SNX family are located in membrane-binding cytoplasm and can bind to phosphatidylinositol via the PX domain and interact with membrane-associated protein complexes, which play an important role in regulating endocytosis and protein transport through cell membrane compartments (1, 2). To date, 32 members have been identified, and they are divided into five subgroups based on protein domain. Among them, the SNX29 gene belongs to the SNX-PX subfamily (3), which has been reported to be involved in disease, nervous system development, and animal growth. Studies have linked the SNX29 gene to schizophrenia (SCZ), autism, and other psychiatric disorders (4, 5). The deletion of SNX29 intron 14 may lead to primary testicular lymphoma (6). Zhu et al. found that downregulation of the SNX29 gene was associated with epithelial ovarian carcinoma cells (7). Furthermore, Sparks et al. showed a strong association between IgA levels and the region between 6.89 and 14.95 Mb on sheep chromosome 24, which corresponds to the SNX29 gene (8). A circRNA of the SNX29 gene regulated the proliferation and differentiation of muscle cells (9). Studies have shown that the SNX29 gene plays a key role in subcutaneous fat deposition in Xiangdong black (XDB) goats, and the SNX29 CNV is significantly associated with the chest and abdominal girth of XDB goats (P < 0.01) (10). Based on the above, the SNX29 gene was selected to be studied in this study.

Copy number variation (CNV) exists widely in the genomes of organisms, and it is considered to be an important source of genetic differences between individuals (11, 12). In recent years, some studies reported that CNV was significantly correlated with the economic traits of livestock, such as litter size (13), meat quality (14), milk production (15), weight gain rate (16), and feed conversion rate (17). The advantages of CNV-promoting population diversity, simplicity, and efficiency were discovered by more people (18). As a applicable molecular marker, CNV can make marker-assisted selection (MAS) better play the advantages of convenience, simplicity, and so on. In short, it provides new ideas and methods for breeding work.

Shaanbei white cashmere (SBWC) goats were bred from Liaoning white cashmere goat and Ziwuling black goat (19), which has high cashmere value and meat value (20). Guizhou black (GB) goats are an excellent local breed with good meat quality and coarse feeding tolerance (21). Nubian (NB) goats have good value for meat and milk and have higher meat content than other dual-purpose goats (22). However, their growth performance fails to achieve the expected results, so it is helpful to increase the economic value of goats by improving their growth traits through MAS.

Currently, the CNVs of the SNX29 gene and its association with growth traits in SBWC goats have not been reported. Therefore, this study is characterized based on the aspects of protein structure, physicochemical properties, and DNA variation. Next, we explored five potential CNVs, which were detected in SBWC goats, GB goats, and NB goats by quantitative real-time PCR (qRT-PCR). An association analysis was carried out between the SNX29 gene and the growth traits of goats. These results will have a deeper understanding of gene variation and livestock growth traits, in order to lay a theoretical foundation for MAS breeding of goats.



Materials and methods


Animal welfare explanation

The samples used in this experiment comply with the Regulations on the Administration of Experimental Animals at Northwest A&F University (NWAFU-314020038).



Prediction of SNX29 protein physicochemical properties and structure

Using NCBI-searched SNX29 protein sequences, the goats' SNX29 protein amino acid number, molecular weight, and isoelectric point were calculated using the Expasy online platform, and the ProtScale application and ProtParam were used to predict the protein hydrophobicity. The SNX29 protein of transmembrane signal peptide was predicted using the TMHMM database and SignalP 4.1. The AlphaFold and SOPMA online platforms were used to predict the advanced structure of the SNX29 protein (23) (Supplementary Table S1).



Sample collection and genomic DNA extraction

Under the same feeding conditions, ear tissues of 541 SBWC goats, 48 GB goats, and 39 NB goats were selected from the Yulin goat farm in Shaanxi province, the Bijie goat farm in Guizhou province, and the Zhangzhou Nubian goat breeding cooperative in Fujian province. All the individuals were female goats (2–3 years) and were not related to each other. Genomic DNA was extracted from goat ear tissue using the high salt extraction method (24) and stored at 70% alcohol at −80°C (25). A NanoDrop™2000 spectrophotometer (Thermo Scientific, Waltham, MA, USA) was used to measure the OD260/280 ratio, and a ratio between 1.8 and 2.0 means that the nucleic acid concentration is qualified (26). Then, the extracted DNA was placed at −40°C.



Primer designing

We searched the Animal Omics database (27) (Supplementary Table S1) and found five CNV loci of the SNX29 gene in goats. Five pairs of amplified primers were referenced in a previous article (28).



CNV genotyping detection of the SNX29 gene

To ensure that the primers can amplify the target fragment, the primers are detected through the mixed pool (CNV1 = 137 bp, CNV2 = 138 bp, CNV3 = 104 bp, CNV4 = 151 bp, and CNV5 = 109 bp). Next, 541 SBWC goat samples, 48 GB goat samples, and 39 NB goat samples were used to detect the CNV loci. qRT-PCR amplification systems and procedures refer to previous laboratory articles (29, 30). The result was processed using method 2 *2(−δCt) (31).



Statistical analyses

The association between the variants and growth traits was explored using the analysis of variance (ANOVA) and independent sample t-test in SPSS 26.0 (IBM, USA), and the chi-square (χ2) test was used to analyze the significance between the three breeds (32). And the line model was used as a reference by Liu et al. (33). Where Yijk = αi + βj + eijk + u acts as an analysis model, Yijk is the evaluation of growth traits at the i level of fixed factor age (αi) and j level of fixed factor genotype (βj), u is the overall mean, and eijk is the random error.




Results


Prediction of SNX29 protein physicochemical properties and structure

To characterize the functions of the SNX29 gene, the protein structure and physicochemical properties were predicted. The results showed that the protein contained 817 amino acids, the molecular weight was 9,143.14, and the isoelectric point was 5.90 by the Expasy online platform. ProtScale online software predicted the hydrophobicity of the protein, and the results showed that there were more hydrophilic residues in the goat SNX29 protein, which indicated that this protein was hydrophilic (Figure 1A). The results were consistent with ProtParam online software predictions. TMHMM prediction results showed that the protein encoded by the SNX29 gene did not have transmembrane helix (Figure 1B). SignalP 4.1 prediction results showed that the D critical value of signal peptide and non-signal peptide of this protein was 0.450, and the D critical value of the SNX29 protein was 0.155 (Figure 1C). According to the signal peptide hypothesis, the SNX29 protein had no signal peptide and belonged to non-secretory protein. The SOPMA online platform predicted the detailed information on the secondary structure of SNX29 protein, and the results showed that alpha helix accounted for 47.98%, extended strand accounted for 12.24%, β-turn accounted for 4.04%, and random coil accounted for 35.74% (Figure 1E). AlphaFold online software predicted the three-dimensional structure of the SNX29 protein (Figure 1D).


[image: Figure 1]
FIGURE 1
 Prediction of physicochemical properties and structure of the SNX29 protein. (A) Hydrophobicity of goat SNX29 protein. (B) Goat SNX29 protein transmembrane signal peptide. (C) Goat SNX29 protein transmembrane signal peptide prediction. The abscissa axis represents the sequence number of amino acid residues corresponding to the submitted protein sequence; the value of the ordinate axis is the probability value of each amino acid located on the inside, outside, and TMhelix on the abscissa axis. (D) Three-dimensional model of goat SNX29 protein tertiary structure. (E) Secondary structural parameters of goat SNX29 protein. Blue means a-helix, red means extended backbone, green means β-folding, and yellow means random crimping.




Frequency of CNV genotypes in goats

After mixed pool detection, it was found that the five CNVs were consistent with the target band (Figure 2). Then, by expanding the sample size for testing, the following results were obtained: In CNV1, the proportion of gain genotype was greater than that of median and loss genotypes in goats. There were 85.61% individuals with gain genotypes in the SBWC goats; however, and all individuals in the GB goats and NB goats were gain genotypes; in CNV2, all three goat breeds were gain genotype; in CNV3, there were 72.18% individuals of gain genotype, 3.31% individuals of median genotype, and 24.52% individuals of loss genotype in SBWC goats, and all GB goats and NB goats were gain genotype; in CNV4, there were 51.25% individuals of gain genotype, 31.67% individuals of median genotype, and 17.08% individuals of loss genotype in SBWC goats, there were 80.43% individuals of gain genotype, 19.57% individuals of median genotype in GB goats, and NB goats were all gain genotype; and in CNV5, there were 56.72% individuals of gain genotype, 31.45% individuals of median genotype, and 11.83% individuals of loss genotype in SBWC goats, there were 48.94% individuals of gain genotype, 51.06% individuals of median genotype in GB goats, there were 84.21% individuals of gain genotype, and 15.79% individuals of median genotype in NB goats (Figure 3).


[image: Figure 2]
FIGURE 2
 Schematic diagram of the PCR assay for CNVs of the goat SNX29 gene. Chr, chromosome; EX, exon; F, forward primer; R, reverse primer; M, means DNA marker.
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FIGURE 3
 Genotyping proportion of CNVs in SBWC goat, GB goat, and NB goat. In CNV1: the total individual number of SBWC goats was 278, GB goats was 48, and NB goats was 38; in CNV2: the total individual number of SBWC goats was 290, GB goats was 48, and NB goats was 39; in CNV3: the total individual number of SBWC goats was 363, GB goats was 48, and NB goats was were 281, GB goats was 46, and NB goats was 38; in CNV5: the total individual number of SBWC goats was 372, GB goats was 48, and NB goats was 39.




Association analysis between CNVs and the goat SNX29 gene

The association analysis results showed that four CNVs were related to growth traits in SBWC goats. CNV1 was significantly associated with chest width (P = 0.002), body length (P = 1.230E-4), body height (P = 0.008), cannon circumference (P = 1.300E-5), and heart girth (P = 0.033). CNV3 was significantly associated with chest width (P = 0.004) and cannon circumference (P = 0.009). CNV4 was significantly associated with chest width (P = 8.166E-7), heart girth (P = 2.620E-4), and cannon circumference (P = 0.001). CNV5 was significantly associated with chest depth (P = 0.008) and body length (P = 0.025). Additionally, in the association analysis between growth traits of SBWC goats and CNVs, we found that in CNV1 individuals, gain and loss genotypes were superior to those with median genotype on the aspect of growth traits, but in CNV4 and CNV5 individuals, median genotypes were superior to loss and gain. In addition, in the CNV3, the gain genotype performed better growth traits (Table 1). The χ2 test results showed that except for CNV2, the remaining CNV loci were significantly associated among the SBWC goats, GB goats, and NB goats (P < 0.01) (Table 2).


TABLE 1 Association analysis between growth traits and the CNVs in SBWC goats.

[image: Table 1]


TABLE 2 Genotype distribution among the SBWC goats, GB goats, and NB goats.
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Discussion

Relevant studies have shown that SNX7 (34, 35), SNX8 (36), SNX9 (37), SNX10 (38), and SNX19 genes (39) were associated with animal growth traits. As a member of the same family, we speculated that the SNX29 CNVs may have a remarkable influence on growth traits. To preliminarily explore the function of the SNX29 gene, the goat SNX29 protein structure was predicted using an online platform. The results showed that the SNX29 protein was hydrophilic and had no transmembrane helix and signal peptide, and it is a non-secretory protein and performed a relevant function in the cytoplasm, which was consistent with the previous description (40).

To further explore the relationship between this gene and growth traits, we conducted population validation. Five CNVs were retrieved from the database. After population distribution detection, it was found that the genotypes of goats of the three breeds were different at different loci. This is because genetic variations vary from breed to breed (41). In the three goat breeds, more individuals performed gain genotype. This may be because the gain genotype showed better economic efficiency and was retained in artificial selection. Notably, the association analysis showed that four CNVs were observably associated with chest width, body length, body height, cannon circumference, and chest circumference (P < 0.05) in SBWC goats, which supports our conjecture. Moreover, we found that in CNV1 individuals, the gain and loss genotypes were superior to those with the median genotypes in terms of growth traits, but in CNV4 and CNV5 individuals, the median genotypes were better than the loss and gain genotypes. In addition, in the CNV3, the gain genotype performed better growth traits, which could be due to mutation, selection, gene recombination, and genetic drift migration (42). These outcomes suggest that the gain/loss genotype of CNV1, the gain genotype of CNV3, and the median genotype of CNV4 and CNV5 have a positive effect on growth traits (43).

In this study, we found that the CNVs of SNX29 were associated with the growth traits of goats, which is consistent with the function of SNX29 in previous studies associated with growth. A genome-wide scan identified the growth-related SNP markers of SNX29 in Chinese Wagyu cattle (44). Genome-wide association analysis showed that CNV27 of the SNX29 gene was associated with growth traits of African goats (45), and also two InDels within this gene are significantly correlated with chest width, hip width, and other growth traits in goats (46). In addition, this gene has shown growth-related functions in different species. In York pigs, genome-wide association analysis of five meat quality traits found that 12 intron SNPs of the SNX29 gene were associated with intramuscular fat content (47). Therefore, the SNX29 has been identified as a candidate gene associated with growth traits, whose CNVs can also act as an influence on the growth traits of livestock. We will continue to explore the molecular mechanism between this gene and growth traits in further studies.



Conclusion

In this study, the growth effect of the SNX29 gene was elucidated from the aspects of protein structure, physicochemical properties, and DNA variation. The protein encoded by SNX29 was a non-secreted protein, whose five CNVs were identified in SBWC goats, GB goats, and NB goats. Moreover, CNVs were found to be associated with growth traits in SBWC goats. The CNV1, CNV3, CNV4, and CNV5 were significantly associated with the SBWC goats, GB goats, and NB goats (P < 0.01). Thus, the SNX29 gene may be an essential functional candidate gene for growth traits.
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Feed efficiency (FE), an important economic trait in sheep production, is indirectly assessed by residual feed intake (RFI). However, RFI in sheep is varied, and the molecular processes that regulate RFI are unclear. It is thus vital to investigate the molecular mechanism of RFI to developing a feed-efficient sheep. The miRNA-sequencing (RNA-Seq) was utilized to investigate miRNAs in liver tissue of 6 out of 137 sheep with extreme RFI phenotypic values. In these animals, as a typical metric of FE, RFI was used to distinguish differentially expressed miRNAs (DE_miRNAs) between animals with high (n = 3) and low (n = 3) phenotypic values. A total of 247 miRNAs were discovered in sheep, with four differentially expressed miRNAs (DE_miRNAs) detected. Among these DE_miRNAs, three were found to be upregulated and one was downregulated in animals with low residual feed intake (Low_RFI) compared to those with high residual feed intake (High_RFI). The target genes of DE_miRNAs were primarily associated with metabolic processes and biosynthetic process regulation. Furthermore, they were also considerably enriched in the FE related to glycolysis, protein synthesis and degradation, and amino acid biosynthesis pathways. Six genes were identified by co-expression analysis of DE_miRNAs target with DE_mRNAs. These results provide a theoretical basis for us to understand the sheep liver miRNAs in RFI molecular regulation.
Keywords: miRNA, residual feed intake, gene interactions, liver, sheep
1 INTRODUCTION
Feed efficiency (FE), an important economic trait in sheep production, is indirectly assessed by residual feed intake (RFI) and feed conversion ratio (FCR) (Carberry et al., 2012; Zhang et al., 2017a; Claffey et al., 2018; McGovern et al., 2018). RFI is defined as the discrepancy between the amount of feed actually consumed and amount anticipated to be needed for maintenance and growth (Mebratie et al., 2019). Improved FE has the potential to reduce meat production costs, with feed and feeding-related expenses accounting for 75% of total variable production costs in beef cattle farming (Ahola and Hill, 2012). Zhang et al. (2017b) showed in indoor sheep husbandry, feed expenditures account for 65%–70% of overall costs. In addition, research has been shown that enhancing ruminant FE may effectively mitigate greenhouse gas emissions and provide positive environmental outcomes (Nkrumah et al., 2006; Hegarty et al., 2007; Deng et al., 2018). Thus, livestock producers have a keen interested in the domain of genetic selection and breeding, particularly with regard to enhancing FE of their animals. However, the precise definition of FE in animals is currently being disputed, due to imperfect quality of ratios such as FCR (Gunsett, 1984). Therefore, RFI serves only as a metric for evaluating FE within the context of animal production. RFI is influenced by a variety of internal and external environmental variables such as body composition, nutrition digestion and metabolism, energy expenditure, physical activity, and control of body temperature (Zhang et al., 2017b). Recently, there has been a growing interest in the subject of FE within the context of livestock and poultry production, and researches on RFI-related genes have mainly focused on swine (Do et al., 2014; Jing et al., 2015; Horodyska et al., 2017; Messad et al., 2019), cattle (Santana et al., 2014; Salleh et al., 2018) and poultry (Yi et al., 2015). Animals with low_RFI exhibit reduced feed intake, and resulting in decreasedless waste and generation, which do not affect the body size, productivity, or weight of the animals (Koch et al., 1963). Therefore, studying the mechanisms of Low_RFI animals will not only reduce costs but also benefit the environment. The liver, being a vital digestive gland and metabolic organ (Xing et al., 2019), plays an important part in the metabolism of lipids, carbohydrates, and glucose metabolism, and has crucial physiological roles in oxidation, metabolism and reduction (El-Badawy et al., 2019; Cigrovski Berkovic et al., 2020; Ndiaye et al., 2020). Given the essential function played by the liver in the metabolic processes of livestock and poultry, it was selected as the sample in this present research.
MicroRNAs (miRNAs) are a class of small (∼22 nucleotides) endogenous non-coding RNAs that exhibit a high degree of conservation across different species (Nelson et al., 2011). The miRNAs have been discovered in several physiological fluids, tissues, and cell types, where they play a crucial role in regulating gene expression at the post-transcriptional level, and they are associated with a wide range of important biological processes (Halushka et al., 2018). Previous studies has shown that miRNA exert control over gene expression by their binding to particular messenger RNA (mRNA), which ultimately leads to the subsequent destruction or inhibition of the targeted transcript. miRNA is associated with the regulation of almost all cellular and developmental processes in eukaryotes (Nejad et al., 2018). For instance, it has been shown that miR-1, miR-133a, miR-133b, and miR-206 exhibit increased expression throughout the advanced phases of human of human fetal muscle development (Koutsoulidou et al., 2011). The miR-33 has inhibitory effects on the process of fatty acid breakdown by targeting several genes involved in fatty acid β-oxidation (Gerin et al., 2010). Moreover, miRNAs has been demonstrated to be essential for the development of brain structures and to support critical systems that, if disturbed, may lead to or cause neurodevelopmental disorders (Hollins et al., 2014). Previous studies have shown that a number of miRNAs in the liver tissues of various livestock play an important role in influencing FE. For instance, miR-338 influences fatty acid synthase (Xing et al., 2019), miR-185 affects glucose and lipid metabolism (Li et al., 2016), and miR-545-3p in pig liver affects fat deposition (Chu et al., 2017). In the liver of cattle, miR-19b regulates lipid metabolism of fat, miR-122-3p influences hepatic cholesterol and lipid metabolism, and miR-143 affects insulin signaling and glucose homeostasis (Al-Husseini et al., 2016). However, the precise processes via which miRNAs regulate RFI in sheep have yet to be fully unclear.
Thus, the present study aimed to identify candidate miRNAs that regulate FE to breed a Low_RFI Hu sheep population. We used sequencing to determine transcription differences in liver tissue of sheep with extreme RFI phenotypes.
2 MATERIALS AND METHODS
2.1 Ethical statement
The animal studies were done in accordance with the regulations and guidelines set out by the government of Gansu Province, as well as with the approval of the Animal Health and Ethics Committee of Gansu Agricultural University (Animal Experimentation License No. 2012-2-159).
2.2 Experimental animals and daily management
The experimental animals used in this study have been comprehensively detailed, together with their corresponding management regimens, in previous publications (Zhang et al., 2017b; Zhang et al., 2019). To put it simply, a total of 137 male Hu sheep were obtained from Jinchang Zhongtian Sheep Co., Ltd. (Jinchang China) and transported to Minqin Zhongtian Sheep Co., Ltd. (Minqin China) during the same time frame for the purpose of breeding. The process of weaning was established when the lambs reached 56 days of age. Subsequently, during the initial phases of the experimental study, only lambs displaying resilient development and overall outstanding health were selected as candidates. The lambs were supplied with nourishment in a standardized single pen (0.8 × 1 m), whereby they access to fresh water and food every day until the end of the experiment (180 days of age). The lambs attained an ideal age of 80 days for the start of the official experiment, which was recorded as day one. The performance experiment is concluded when the lambs reach 180 days, hence rendering the official duration of the trial as 100 days. Consequently, all lambs participating in this study had a 2-week transitional period prior before a 10 days pre-feeding phase. Throughout the transitional phase, a regular percentage adjustment was made to the form of feed utilized each day. Additionally, the whole pelleted feed was consumed on the initial day of the pre-fed phase. During the first 10-day pre-fed period and ensuing 100-day official trial, the pellet feed was purchased from Gansu Sanyang Jinyuan Animal Husbandry Co., Ltd., (Gansu China).
2.3 Phenotypic measurements and RFI calculation methods
Lambs were treated to a feeding regimen structured in 20-day cycles until the completion of the feeding experiment (180 days of age), with their initial weight being measured on the first day of the specified period (80 days of age). The lambs underwent daily weighing before to feeding, using a calibrated electronic scale. No modifications were made to the participants or the equipment utilized over the whole period of the experiment. Furthermore, each sheep was weighed for remaining feed before each weighing period, which was used to calculate feed intake and RFI. For the computational model used in this study, the main reference was the formula of Zhang et al. (2017b). The specific formula used in this particular instance was as follows:
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where Yk represents the average daily feed intake of the ith individual; β0 regres-sion intercept; β1 regression coefficient for mid-test metabolic body weight (MBW); β2 regression coefficient for average daily gain (ADG); ek represents uncontrolled error of the ith individual; BWf represents final body weight; BWi represents initial body weight; and N, experimental period (days).
2.4 Liver tissue collection and total RNA extraction
The methodologies used for the collection and processing methods of the tissues were cited from previous scholarly investigations (Zhang et al., 2017b). The methodology may be concisely summarized in the following manner: all lambs are uniformly transferred to a professional slaughterhouse after the end of the measurement. The RFI values of the six sheep used in this study are provided fully, concerning prior research conducted by our research group. The lambs were subjected to a 24 h of fasting period before to being weighed and then executed in standard procedures. Each liver sample was immediately collected after slaughter process and then preserved in liquid nitrogen for temporary storage. Following the process of slaughter, it was transferred to −80°C for long-term storage until RNA was extracted. As described in previous study, we selected 3 High_RFI and 3 Low_RFI sheep from 137 male Hu lambs for total RNA extraction (Zhang et al., 2017b; Zhang et al., 2019). The total RNA extraction was performed using the TRIzol Reagent (Invitrogen, Waltham, MA, United States) method as per the provided instructions. The NanoPhotometer® spectrophotometer (IMPLEN, CA, United States) was used to quantify the purity of RNA, while the integrity of RNA was performed using the Agilent Bioanalyzer 2,100 system’s RNA Nano 6000 Assay Kit (Agilent Technologies, CA, United States).
2.5 Library preparation and small RNA sequencing
The small RNA library preparation kits were used to produce small RNA sequencing libraries (Galina-Pantoja et al., 2006). There are many steps that involved, as seen below: firstly, whole RNA molecule was used as a template to directly connect the 3′ and 5′ ends of the small RNA with the synthetic adaptors. The synthesis cDNA from total RNA was conducted with M-MuLV reverse transcriptase (NEB, United States), followed by amplification of the resulting cDNA in accordance with the recommended protocols provided by Illumina. The PCR products underwent purification and recovery processes using 8% polyacrylamide gels. These gels exhibited the capability to effectively separate DNA fragments with sizes 140 to 160 base pairs. Following that, the DNA fragments that had undergone purification were dissolved in 8 μL of elution solution. In the end, the evaluation of the library’s integrity on the Agilent Bioanalyzer 2,100 system may be conducted by using DNA high-sensitivity chip. Once the library has undergone qualification, the product was subjected to sequencing on the Illumina HiSeq 2,500 platform, resulting in the generation of a 50 bp single-ended read.
2.6 Bioinformatics sequence data processing and miRNA expression profiling
The raw data collected by the sequencing equipment was then given a Base Calling analysis with the intention of producing FASTQ files. The acquisition of clean data included the elimination of extraneous information from the raw data via the use of a customized Perl script. Concurrently, Q20, Q30, and GC-contents of the raw data were obtained. Then, for all subsequent analysis, choose certain range of length from clean reads. The Bowtie (Langmead et al., 2009) method was used for the purpose of aligning small RNA tags with the reference sequence, facilitating the assessment of their expression levels on the reference. Then used miRbase 20.0 as a reference to mapping known miRNAs. In order to exclude protein-coding genes, repetitive sequences, rRNA, tRNA, snRNA, and snoRNA, custom scripts are used to extract miRNAs of predetermined length. Following, the software tools miREvo (Wen et al., 2012) and mirdeep2 (Friedländer et al., 2012) were used to map sequences with the sheep reference genome (Oar_v1.0) to provide predictions about novel miRNAs. The use of the whole rRNA ratio served as an indicator of sample quality. In animal samples, this ratio should ideally be below 40%. Additionally, the cumulative p values for RNA folding were used as a metric for output measure.
2.7 Differential expression analysis and prediction of target genes of miRNAs
The miRNA expression levels were estimated by TPM (transcript per million) (Zhou et al., 2010). The processing procedure differs according on the sample’s quality. To perform differential expression analysis on Low_RFI and High_RFI samples with biological recurrence, use the DESeq R package (version 1.8.3). The filtering conditions for differential expression of miRNAs in this study were p-value <0.05 and |log2 (foldchange)|≤ 0.5 (Tang et al., 2007). The threshold for substantial differential expression is set to the default value. The target gene of miRNA was then predicted for animals using miRanda (Enright et al., 2003). Statistics calculations were carried out to analyze the expression levels of the most prevalent known miRNAs and novel miRNAs in both experimental groups. Additionally, the most common miRNA or DE_miRNA expression was estimated in relation to the anticipated mRNA expression of its target gene.
2.8 GO and KEGG enrichment analysis
The target gene candidates of DE_miRNAs were analyzed using Gene Ontology (GO) enrichment analysis (“target gene candidates” in the follows). For GO enrichment analysis, a GOseq-based Wallenius non-central hyper-geometric distribution (Young et al., 2010) was used, which might correct for gene length bias. Kyoto Encyclopedia of Genes and Genomes (KEGG) (Kanehisa et al., 2008) was a database used to understand the advanced functions and benefits of biological systems based on molecular-level information, especially genome sequencing and other highly experimental technologies (http://www.genome.jp/kegg/). To assess the statistical enrichment of target gene candidates in KEGG pathways, we employed the KOBAS (Mao et al., 2005) tool.
2.9 Integral miRNA–mRNA networks analysis
Investigate the possible association between DE_miRNA found in this study and Zhang et al. describes DE_mRNA (Cigrovski Berkovic et al., 2020). The construction of a miRNA-mRNA interaction network was facilitated by using Cytoscape software (Shannon et al., 2003). This network was established by including DE_miRNAs and DE_mRNAs based on their specific roles. Specifically, mRNAs exhibiting discernible association with miRNAs were integrated into the miRNA-mRNA interaction network. The same shape with various colors shows types that are up-or downregulated in DE_miRNAs and DE_mRNAs.
3 RESULTS
3.1 miRNA sequence data and mapping quality
3.2 Illumina sequencing generated more than 10 M (million) high quality raw reads for each of the two groups of Hu sheep (except for High_RFI No.1 Hu sheep) (Table 1). The raw data obtained from sequencing is given to a filtering process so as to generate clean reads. Reads with more than 10% N content were removed first. An average of 124 reads was removed in the Low_RFI group, less than 0.01%, and similarly an average of 133 reads was removed in the High_RFI group, less than 0.01% (Supplementary Table S1). Further, after removing low-quality readings, the Low_RFI group averaged 0.32% and the High_RFI group 0.35% being removed (Supplementary Table S1). The number of deletions resulting from the existence of 5 adapter contamination and the presence of ployA/T/G/C was low, with an average 0.00% and 0.03% in the Low_RFI group 0.00% and 0.06% in the High_RFI group, respectively (Supplementary Table S1). More reads were deleted due to the absence of 3 adapter null or insert null, about 0.97% and 0.95%. All samples were filtered to retain clean reads of 98% or more. Finally, the clean reads of each sample were screened for sRNAs within a certain length range (18∼35 nt) for subsequent analysis (Table 1). The length-screened sRNAs were localized to the Ovis aries reference genome to analyze the distribution of small RNAs (Table 1). From the clean data, a total of 10,278,758, 10,014,172, 9,533,396, 8,699,934, 9,391,798, and 13,765,901 mapped reads from the LR1 (Low_RFI No.1 Hu sheep), LR2 (Low_RFI No.2 Hu sheep), LR3 (Low_RFI No.3 Hu sheep), HR1 (High_RFI No.1 Hu sheep), HR2 (High_RFI No.2 Hu sheep), and HR3 (High_RFI No.3 Hu sheep) libraries were retrieved, with over 90% mapping to the Ovis aries reference genome (Table 1). In terms of miRNA expression level, our research results indicate that genes with a TPM <60 retrieved from RNA-seq accounted for about 75% of the total, whereas high-expressed genes, that is, genes with TPM >60, accounted for around 25% (Table 2). However, HR2 accounted for only 7.81%. Screening miRNAs ranged from 18 to 35 nt in length (Figures 1A, B). Furthermore, a variety of non-coding RNAs (ncRNAs) were discovered, including transfer RNAs (tRNAs), snRNAs and miRNAs (Figures 1C, D). Among the identified ncRNAs, a minute fraction constituted recently discovered miRNAs.
TABLE 1 | Summary of clean reads mapped to the Ovis aries reference genome.
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[image: Table 2][image: Figure 1]FIGURE 1 | Characterization of microRNA (miRNA) profiling and the percentage of detected miRNAs from ncRNAs. (A, B) Length distribution of clean reads from identified miRNA fragments. (C, D) Categories of identified non-coding RNAs (ncRNAs) via sequencing in Low_FRI and High_FRI. Note “LR: Low_RFI, HR: High_RFI” (the following figures are identical).
3.2 Known miRNA expression and novel miRNA profiles
We identified 121, 120, and 122 known miRNAs in the High_RFI samples, and 119, 83, and 128 known miRNAs in the Low_RFI samples (Table 3). In all of these reads, approximately 59% of known miRNAs were detected in all samples (Supplementary Table S2). The miRNA the highest abundance across all samples was oar-miR-148a, with mean paired reads from HR1, HR2, HR3, LR1, LR2, and LR3 of 2,885,255, 1,771,013, 2,178,809, 3,049,001, 7,921,051, and 1,323,994, respectively. Among the top 20 expressed miRNAs in each group, the expression levels of 10 miRNAs such as oar-miR-148a, oar-let-7f, oar-miR-143, oar-miR-30a-5p, oar-miR-26a, oar-miR-21, oar-let-7g, oar-let-7i, oar-miR-30d and oar-miR-99a accounted for an average of more than 94% (Supplementary Table S3). The expression analysis shows the top 20 highly expressed miRNAs in the study samples from each respective group (Supplementary Figure S1).
TABLE 3 | Number and ratio of identified miRNA matrices.
[image: Table 3]The hairpin structure that is characteristic of miRNA precursors may be used as a means to forecast the existence of novel miRNAs. We identified 73, 90, and 97 novel miRNAs in the High_RFI samples, and 79, 28, and 90 novel miRNAs in the Low_RFI samples (Table 3). Among the novel that were identified, only 23 were identified in all samples (Supplementary Table S3). Of the 117 unique novel miRNAs, novel_31, novel_50 and novel_41were the most expressed in the samples with an average of 1,826, 1,246 and 1,173 reads aligned to these miRNAs, respectively (Supplementary Table S3). All detected new miRNAs were supplied (Supplementary Table S3), and the top 20 expressed novel miRNAs for each group were presented (Supplementary Table S4).
3.3 miRNA differential expression
The sequencing data has been submitted to the NCBI Sequence Read Archive (SRA) database under the biological project PRJNA813431. Differential miRNA expression analysis between Low_RFI and High_RFI groups from the same population of sheep with different phenotypic values. The relevant phenotypic data for the selected sheep were detailed in previous studies (Zhang et al., 2022). Phenotypic differences were not significant except for FCR, RFI and feed intake (FI). In total, an average of 11.62 million raw read were obtained from each sample. A total of 247 miRNAs were detected in 6 liver samples, of which four miRNAs (one known miRNA and three novel miRNAs) were identified as differentially expressed (p < 0.05) (Table 4). The Venn diagrams show miRNAs that are uniquely expressed or co-expressed in different groups, with 205 miRNAs co-expressed in both groups (Figure 2A). Four miRNAs were differentially expressed in the Low_RFI group compared to the High_RFI group, including three upregulated and a downregulated (p < 0.05) (Table 4) (Figure 2B). Of all the DE_miRNAs identified, novel_41 and novel_115 were expressed in all samples. The novel_41 was upregulated in Low_RFI group, while novel_115 showed downregulated compared to the High_RFI group (Table 4).
TABLE 4 | Four differentially expressed miRNAs in Hu sheep with Low and High_RFI.
[image: Table 4][image: Figure 2]FIGURE 2 | miRNA expression in the liver of sheep with different RFI. (A) Venn diagram showing the total number of miRNAs expressed in each group individually and in both. (B) Volcano map of differentially expressed miRNAs. In the volcano plot, significant downregulated genes are indicated by “green” dots, while significant upregulated genes are indicated by “red” dots.
3.4 Target gene prediction and functional enrichment analyses for the most abundant known and novel miRNAs
The target genes of ten most highly expressed miRNAs (seven known and three novel) were predicted in the two groups for further functional analysis (Supplementary Table S5). The majority of these target genes mainly involved in various biological processes, including glycolysis, protein synthesis and catabolism, cell growth and proliferation, scavenging of free radicals, as well as cell death and survival (Supplementary Figure S2). In terms of glycolytic processes, the target genes were mainly involved in nucleoside diphosphate kinase activity, nucleoside kinase activity, adenylate kinase activity, hexokinase activity, and other glucose binding activities. For protein synthesis and catabolism, target genes were involved in the positive regulation of protein secretion, protein polymerization and protein deubiquitination, among other roles. For cell growth and proliferation, target genes were involved in platelet alpha granulation, cell cortex proliferation, and the proliferation and development of microtubule cell ribosomes (Supplementary Figure S2).
3.5 DE_miRNAs target gene prediction
To further understand the biological functions and roles of these four DE_miRNAs, target genes were identified (miRDB) for highly differentiated miRNAs between Low_RFI and High_RFI gruops. Upregulated miRNAs in Low_RFI group were integrated to several target genes: top ranking genes were DZANK1, CYP26B1, IDH3G, TRAC, IL36RN, UBE2Z, ZMYND12, PDGFD, VSIG2, and ELK4, whereas top-ranking target genes with downregulated miRNAs were CFAP221, HLA-DOB, TOP2B, ACSL4, FRYL, RAB3GAP2, TSPAN9, ILKAP, USP13, and PRR36. The provided diagram illustrates the top 20 anticipated target genes for the four DE_miRNAs (Figure 3). To further elucidate the functions of the DE_miRNAs, we performed enrichment analysis of their candidate target genes. GO enrichment results showed that these target genes were mainly related to metabolism and binding: Biological processes: metabolism, organic metabolism, primary metabolism and macromolecular metabolism. Cellular components: intracellular, intracellular fractions, organelles and membrane-bound organelles. Molecular functions: binding, protein binding, catalytic activity and Hydrolytic enzyme activity (Figure 4A). It was shown that the metabolism in the liver plays an important role in the efficiency of animal feed. KEGG pathway showed DE_miRNAs target genes were mainly enriched in transcriptional dysregulation in herpes simplex virus infection, leishmaniasis, and biosynthesis of amino acids (Figure 4B).
[image: Figure 3]FIGURE 3 | Top ranked (based on total target score of miRDB) DE_miRNAs for target genes. In the network plot, significant downregulated genes are indicated by green, while significant upregulated genes are indicated by red. The target gene predicted by psRobottar is shown in blue.
[image: Figure 4]FIGURE 4 | Enrichment analysis of high and Low_RFI differential miRNAs. (A) Using GO (Gene Ontology) enrichment analysis, BP indicates biological process, CC indicates cellular component, MF indicates molecular function. (B) Kyoto Encyclopedia of Genes and Genomes (KEGG) differentially expressed miRNAs target gene enrichment.
3.6 Target gene matching between previously identified DE_mRNAs and the DE_miRNAs prediction
To fully understand the potential RFI effects of miRNA, we used DE_miRNA and their targets genes to create an interactive population network. A total of 1423 DE_miRNAs target genes were identified. We previously discovered 101 DE_mRNAs between the low and high RFI sheep groups using the same objective as the present investigation (Zhang et al., 2022). Among these, seven miRNAs were co-expressed (Figure 5A). However, some target genes were predicted to be the target genes of a single miRNA, and it was observed that upregulation of DE_miRNAs did not always result in downregulation of DE_mRNAs in liver tissue obtained from animals with Low_RFI. Most DE_miRNAs were predicted to primarily target a single differential target gene. As shown in figure, the upregulated miRNA novel_171 targets the upregulated target gene RTP4, and the upregulated miRNA novel_41 targets the downregulated target gene CD274 (Figure 5B). However, the upregulated miRNA oar-miR-485-3p targeted three different genes, the downregulated target gene OAS1 and the two upregulated target genes SHISA3 and PLEKHH2.
[image: Figure 5]FIGURE 5 | (A) Venn diagram showing the number of differential mRNA target genes in yellow, the number of differential miRNA candidate target genes in purple, and the overlapping part indicates the co-expressed part. (B) DE_miRNAs are indicated by circles, significant downregulated genes are indicated by green, while significant upregulated genes are indicated by red. And squares indicate DE_miRNAs co-expressing target genes with DE_mRNA.s.
4 DISCUSSION
RNA sequencing can serve as a powerful miRNAs expression profiling tool to identify the DE_miRNAs(Motameny et al., 2010), even at low expression levels in all cells, as well as allows for the parallel analysis of known miRNAs and the identification of miRNAs (Pritchard et al., 2012). Along with the simultaneous analysis of known miRNAs, the examination of novel miRNAs also becomes feasible. Furthermore, the use of mature miRNA sequences may facilitate the identification of prospective target genes for both known and undiscovered miRNAs. In this study, miRNAs sequencing was used to identify miRNA expression profiles in liver tissue from 6 Hu sheep with extreme RFI from the same farm. Sequencing results showed that sequencing data were of high quality with an average Q30 value of 94%. In addition, after quality control processing of raw sequencing data, the read sequences was an average length of 22 bp, while the majority of reads f were ranged between 20 and 24 bp length from both Low_RFI and High_RFI gruops, providing a high quality and reliable data for subsequent analysis (Friedländer et al., 2012) (Figures 1A, B). The observed average alignment rate, above 90%, indicates a strong agreement between the identified miRNAs and the liver samples. Furthermore, roughly 83% of these miRNAs were found to be expressed in all liver samples, which aligns with the findings of a previous research on miRNAs in bovine liver (Mukiibi et al., 2018). This observation implies that miRNAs exhibit a high degree of conservation within a given population. Among the miRNAs that have been identified, ten highly expressed miRNAs, including oar-miR-148a, oar-let-7f, oar-miR-143, oar-miR-30a-5p, oar-miR-26a, oar-miR-21, oar-let-7g, oar-let-7i, oar-miR-30d and oar-miR-99a, accounted for an average of 92.14% and 95.92% of the total aligned sequence reads in the High and Low_RFI groups, respectively. According to a publication, let-7 miRNA has been detected in various animal species, including humans (Lee et al., 2016). In the present study, it was shown that oar-let-7f, oar-let-7g and oar-let-7i which are members of the let-7 family in sheep, had highly expressed levels in the liver of both groups of FRI sheep. This finding suggests that let-7 family of miRNAs was substantially conserved. The description was consistent with the previously reported results (Friedman et al., 2009). Therefore, from this we speculate that let-7 family miRNAs have the same trend in the same species. Interestingly, oar-miR-148a was the most highly expressed miRNA in all samples, and it belongs to the miR-148/152 family, whose homologous members are involved in a variety of biological functions and diseases in different species. For example, it has been reported that overexpression of miR-148 significantly promotes myogenic differentiation in C2C12-derived myoblasts and primary myoblasts (Zhang et al., 2012). In sheep, miR-148a have been reported to accelerate lipogenic differentiation of sheep preadipocytes and inhibit the proliferation of sheep preadipocytes by inhibiting PTEN expression (Jin et al., 2021). Furthermore, it had an inhibitory effect on the proliferation of Hu sheep hair papilla cells and was associated with hair follicle growth and development (Lv et al., 2019).
To explore the biological significance of sheep-associated DE_miRNAs with varying RFI characteristics. We performed target gene prediction for ten miRNAs that were highly expressed in two groups of RFI sheep. Among these target genes, the main biological functions involved include: negative term regulation of the apoptotic process, cell growth and proliferation, apoptosis and survival, and adipocyte differentiation. Some miRNAs with higher abundance have been discovered as significant regulators of animal cell proliferation and development, apoptosis, and regeneration, which is consistent with our results (Wang et al., 2009). As an example, the second highest expressed miRNA in our research, namely, oar-miR-30a-5p, has been previously associated to lipid and insulin metabolism in mice (Sud et al., 2017; Kim et al., 2019). miR-26a and miR-143 are involved in the regulation of mouse hepatocyte proliferation, a significant aspect in liver tissue regeneration (Geng et al., 2016; Zhou et al., 2019). miR-99a and miR-148a (Gailhouste et al., 2013) were identified as regulators hepatic detoxification in liver tissues of mice and human animals. Based on the observed of miRNA-mRNA interactions across mammalian species and our results of our study, we hypothesized that these miRNAs highly expressed in sheep liver may perform similar biological functions to other species. Moreover, since these highly expressed miRNAs are in a state of continuous self-regeneration or regeneration, it explains their involvement in proliferation as well as apoptosis and regeneration of different cells.
The liver, being the biggest internal organ, plays crucial functions in several physiological metabolic processes, including detoxification (He et al., 2020; Wang et al., 2020). It also serves as a central regulator of energy metabolism, with glycation as a fundamental feature, and is an important coordinator of metabolism and a key site for maintaining metabolic homeostasis (He et al., 2017; Matz et al., 2017; Xue et al., 2019; Moscoso and Steer, 2020). It has been reported that miRNAs are involved in almost every aspect of cell biology (Chen and Verfaillie, 2014). miRNAs play crucial biological roles in cell differentiation, proliferation, metabolism and apoptosis, as well as in viral infection (Kim et al., 2009). Hence, the variable expression of liver miRNAs in Low_RFI and High_RFI sheep might potentially lead to molecular differences in FE. In this study, one known and three novel miRNAs were identified between Low_RFI and High_RFI gruops. However, most of the detected DE_miRNAs (50%) were conservative, which is consistent with the conclusion that miRNAs are conservative (Friedman et al., 2009). For this study to validate the present findings, it would be necessary to conduct more investigations including bigger cohorts of sheep and more broad range of phenotypic animal populations, given that a lower threshold of DE_miRNA screening (p < 0.05) was used. In the present study, more than 75% of the DE_miRNAs were upregulated in Low_RFI animals, which was consistent with the results of differential expression analysis of miRNAs in beef cattle with different FE phenotypes (Mukiibi et al., 2020). Thus, this suggests that reduced expression of target genes for these miRNAs is expected.
To investigate the potential biological role of RFI-associated DE_miRNAs in sheep, we predicted their target genes. The target genes are associated with many crucial biological activities, such as metabolic processes, organic metabolism, cell assembly and structure, lipid metabolism, protein breakdown, protein binding, protein metabolism, catalytic activity, and hydrolytic enzyme activity. Among these functions, lipid metabolism and protein synthesis have been reported to be relevant in other species (Chen et al., 2011; Alexandre et al., 2015; Tizioto et al., 2015; Mukiibi et al., 2018). To further understand how DE_miRNAs interact with the 101 DE_mRNAs identified in previous studies (Zhang et al., 2019). Only seven DE_mRNAs (annotated as RTP4, CD274, OAS1, PLEKHH2, SHISA3, and RFC3) were identified as target genes for DE_miRNAs. These target DE_mRNAs play important roles in innate antiviral response, protein-coupled receptor trafficking, immunity, cell mobility, intercellular signaling and connections, cell death, cell development, differentiation, and gene regulation. Meanwhile, the RTP4 gene has been shown to be associated with RFI in sheep (Zhang et al., 2022). Certain DE_miRNAs have the potential to impact hepatic functional efficiency FE via their distinct regulatory effects on several biological processes inside the liver. According to the DE_miRNAs- mRNAs interaction network (Figure 5), some single miRNAs were predicted to be targets of single or multiple DE_mRNAs. Because a single miRNA using its seed region may bind to multiple sites in the 3′-UTR of distinct genes (mRNAs), and one target can have multiple binding sites for one or more miRNAs, miRNAs can modulate multiple biological processes even if they are few in number compared to mRNAs they regulate (Ambros, 2004; Bartel, 2004; Brennecke et al., 2005).
Overall, the comparison of DE_miRNAs and DE_mRNAs expression patterns in liver tissue that we identified was consistent with expectation. This may be attributed to the fact that miRNAs accelerate degradation of target genes by promoting the deadenylation of their target transcripts (Stroynowska-Czerwinska et al., 2014). Consequently, we have observe different patterns of DE_miRNA targeting of DE_mRNAs, perhaps attributable to variations in the regulatory mechanisms governing mRNA degradation. To better understand the relationship between miRNAs and mRNAs, further studies at the cellular level are needed to verify these interactions.
5 CONCLUSION
In the present study, we employed RNA-seq to analyze liver miRNAs in sheep populations. Among these miRNAs, oar-miR-148a, oar-let-7f, oar-miR-143, oar-miR-30a-5p, oar-miR-26a, oar-miR-21, oar-let-7g, oar-let-7i, oar-miR-30d and oar miR-99a had the highest expression levels in all samples. By differential miR-mRNA expression analysis, four miRNAs associated to RFI were discovered, including three novel miRNAs (novel_41, novel_115, and novel_171). Only two miRNAs (novel_41 and novel_115) were expressed in all samples, indicating that most DE_miRNAs were distinct. The predicted target genes of identified DE_miRNAs are involved in a variety of cellular and molecular functions. In addition, only 6.30% of the identified common target genes were found in the liver tissue of the same subjects. These target genes primarily regulate lipid metabolism, molecular transport, intercellular communication and connections, cell death, and survival. These results provide a theoretical basis for us to understand miRNA expression profile and the molecular mechanisms of miRNA related to FE in sheep liver.
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Sequence of primer

F: GAGTGCCATTGAGACAGGTTCCAG
R: CCGAATCTGCCAGTTACAGGAAGC
F: TCCAAGATTCAAAGAGCCTGCTTCC
R: AGCGTCCACTCCTGCCTACTTC

: CAACACCACTCAGTCCACCTCATTC
R: CCTTGTTTGCGGTCTCCTGTCAG

F: CCAGGTCAGCAATACAGCAACTCC
R: CTCCACACAGAAATCTACGGCACTC
F: TGGACATCGTTGCCATCAATGACC
R: TTGACTGTGCCGTGGAACTTGC

Products size
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139bp

112bp

100bp
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Sample  Numberof Totallength (bp) Percentage (%)
name reads

LZH-1 11901322 2088403976 86.87
LZH-2 11799342 2093444071 87.83
LZH-3 13129996 2254870449 85.02
LZH-4 12177094 2048134833 8327
LZH-5 12151639 2130929746 86.81
LZH-6 11984821 2104532776 86.93
LZH-7 15948330 2710213186 84.13
LZH-8 11420123 2016743197 87.42
LZH-9 12990697 2298341553 87.59
LZH-10 12851175 2269169813 8741
LZH-11 15025883 2513464188 8281
LZH-12 13299627 2221588767 82.69
LZH-A 21997027 3736758621 84.10
LZH-B 17376784 2939183676 8373
LZH-C 19578410 3294127588 8329
LZH-D 13946831 2350977514 8345
LZH-E 10365856 1623233029 7752
LZH-F 13348217 2233152344 82.82
LZH-G 18423325 3104576795 83.42
LZH-H 13380685 2283690673 84.49
LZH-1 11977439 2114244179 87.39
LZH-] 12751089 2262360512 87.83
LZH-K 12775926 2249682980 87.17

LZH-M 13890435 2452180440 87.39
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Breed/population No. of sample/sequence Pi Ho H
Datong yak 29 00013 0.1443 02699 0.0687
Geermu yak 8 0.0006 02677 02835 01817
Huanhu yak 12 0.0012 02283 03879 01747
Huzhu white yak 3 0.0015 03454 04752 ~0.0394
Qlian yak 8 0.0007 02429 04461 02153
Tongde yak 7 0.0014 02457 02881 00271
 Xueduo yak 5 0.0014 02932 | osmr | one
Yushu yak 2 0.0011 01892 02961 02039
Wild yak 19 0.0009 02017 02798 02841
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Varieties Abbreviation Sample size Type
Xilin Buffalo XL 2 Swamp
Guizhou White Buffalo GZB 10 Swamp
Binhu buffalo BH 3 Swamp
Fuzhong Buffalo FZ n Swamp
Mediterranean Buffalo MD 2 River
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Number

Trait abbreviation

Trait description

bl ol

¥

FCOLA
FCOLB
FCOLL
QFCOLA
QFCOLB
QFCOLL
EMCOLA
FMCOLB
FMCOLL
TMCOLA
TMCOLB
TMCOLL
GMCOLA
GMCOLB
GMCOLL
ICOLA
ICOLB
ICOLL

Fat Minolta A*

Fat Minolta B*

Fat Minolta L*

Quadriceps femoris muscle Minolta A*
Quadriceps femoris muscle Minolta B
Quadriceps femoris muscle Minolta L*
Fresh marbling color A* - longissimus dorsi
Fresh marbling color B* - longissimus dorsi
Fresh marbling color L* - longissimus dorsi
‘Thawed loin muscle Minolta A*

‘Thawed loin muscle Minolta B*

‘Thawed loin muscle Minolta L*

Ham gluteus medius Minolta A*

Ham gluteus medius Minolta B*

Ham gluteus medius Minolta L*

Ham iliopsoas Minolta A*

Ham iliopsoas Minolta B*

Ham iliopsoas Minolta L*
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Combined dataset

Trait
FCOLA
FCOLB
FCOLL
QECOLA
QFCOLB
QFCOLL
FMCOLA
FMCOLB
FMCOLL
TMCOLA
TMCOLB
TMCOLL
GMCOLA
GMCOLB
GMCOLL
ICOLA
ICOLB
ICOLL

N
941°
953
953
953
953
953
953
953
953
950
950
950
953
953
953
953
953
953

Mean
371
1831
75.29
4.82
13.61
49.42
6.07
1491
48.46
7.65
270
4426
6.74
13.63
4531
19.30
13.61
4254

SD

113
148
163
1.60
157
346
147
1.69
264
L19
129
311
120
L1l
245
173
157
2.86

Min
070
1170
66.60
070
9.60
39.10
2.00
1038
39.88
339
154
31.99
240
9.60
38.00
12.00
9.60
35.10

Max

7.90

24.40
79.80
11.30
18.70
62.10
1148
21.90
60.50
1139
748

55.88
1070
17.30
54.20
24.10
18.70
51.80

873
885
891
881
885
881
891
891
891

891
891
891
891
891
891

Mean
284
10.84
78.96
239
827
53.23
458
9.38
48.15

5.46
8.91
47.50
15.97
1133
44.04

SD

134
175
240
137
135
337
112
124
253

127
113
265
217
150
3.08

040
6.00
64.00
-1.00
470
42.10
1.08
595
4143

120
5.40
39.30
8.80
550
3470

Max
730
17.20
84.60
670
1210
65.50
875
1390
55.73

9.60

1270
57.20
23.00
1580
55.60

N

1844
1844
1844
1844
1844
1844
1844
1844
1844

1844
1844
1844
1844
1844
1844

Mean
338

1470
77.06
3.68

1104
51.27
535

1224
48.31

6.12

1135
46.37
17.69
1251
43.26

SD

152
408
274
1.96
304
4.04
151
314
259

139
261
277
259
191
3.06

-040
380
64.00
-1.00
470
36,50
1.08
595
39.88

120
5.40
38.00
1.60
550
3470

Max

19.20
24.40
84.60
13.40
18.70
68.90
11.48
21.90
60.50

10.70
17.30
57.20
24.10
18.70
55.60

“The total number of PBs, with both phenotypes and genotypes were 891. However, o these trai
the GWAS, results would improve. Due to little changes in GWAS, results for PBs, those removed
purebred; N, number of animals; SD, standard devi:

; Min, minimum; Max, maximum.

there were extreme phenotypic records which were removed in the analyses to check if

ividuals were added to the analyses of combined CBs, and PBs. CB, crossbred; PB,
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Before filtering on After filtering allelic Before filtering on After filtering allelic

allelic DR* DR’ > 0.8 on CBs allelic DR* DR’ > 0.8 on PBs

Chromosome  Length Total number of ~ Mean Total number of ~ Mean Total number of ~ Mean Total number of ~ Mean
(Mb) SNPs allelic DR*  SNPs allelic DR*  SNPs allelic DR*  SNPs allelic DR

SSC1 274 945,428 0.83 641,461 092 945,428 091 831,268 098
$5C2 152 791,977 0.81 509,047 092 791,977 0.88 668,474 097
$SC3 133 660,517 0.80 402,300 091 660,517 0.90 572,923 097
$SC4 131 740,467 084 517,636 092 740,467 0.92 669,685 097
$SC5 105 544278 077 285211 090 544278 0.89 466,844 096
$5C6 171 824770 079 475917 091 824770 0.89 696,109 096
$SC7 122 679.812 081 432486 091 679,812 091 596,197 097
$SC8 139 866,293 0.81 534,659 091 866,293 0.92 774,027 097
$5C9 140 728,874 079 435,857 091 728,874 0.90 626,371 097
$SC10 69 579468 0.79 341971 090 579468 0.88 483,451 095
SSC11 79 529,008 079 311,109 091 529,008 0.90 465,485 096
$SC12 62 1429775 079 244,130 090 429775 0.88 359,175 095
$SC13 208 872,065 0.82 564990 091 872,065 0.92 781,689 097
SSC14 142 755463 081 480,616 092 755463 091 660,825 097
SSC15 140 708954 0.82 463,330 091 708,954 0.92 636,278 097
$sC16 80 523910 0.80 320423 091 523910 0.91 465,914 0.96
$SC17 63 459,174 0.7 254,861 091 459,174 0.89 384,09 096
SSC18 56 305915 079 177,266 092 305915 091 270,808 097
Total/ 126 11,946,148 0.80 7,393,270 091 11,946,148 0.90 10,409,622 097

Average

CB, crossbred; PB, purebred; SNP, single nucleotide polymorphism; Mb, megabyte; SSC, sus scrofa.
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?Scenarios

Sc1

Sc.2

*Sc. 1: 5,000 randomly selected male progenies from 15th generation were genotyped, Sc. 2: 2000 ancestral sires with more than 10 progenies and 3,000 randomly selected male progenies from
15th generation were genotyped, Sc. 3: 5,000 selection candidates (both males and females) from 15th generation were genotyped, SC 4: randomly selected 1,500 ancestral sires, 1,500 ancestral

Male progeny 1349 1317 1,087 759 488 5,000
Ancestral sires 621 463 382 305 229 2000
Male progenies 780 811 647 468 294 3,000
Male selection candidates 648 670 545 394 239 2,49
Female selection candidates 654 665 547 402 236 2,504
Ancestral sires 464 305 303 252 176 1,500
Ancestral dams 450 386 310 228 126 1,500
Male selection candidates 249 258 198 167 116 988
Female selection candidates 259 247 234 175 97 1,012
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Population structure

Step 1: Historical generations (HG)

Number of generations phase 1 1,000
Size 1,000
Number of generations phase 2 200

Size 2020

Step 2: Expanded generations (EG)

Number of founder males from HG 100
Number of founder females from HG 100
Number of generations 8
Number of offspring per dam 5
Selection and mating Random

Step 3: Breed formation (BF)

Number of males/females from BE for all 5 breeds 100/100
Number of generations 30
Number of offspring per dam 2
Sclection and mating Random

Step 4: Breeds A, B, C, D and E

Number of males/females from A 220/1800
Sire replacement and growth rate 0.5065 0.072
Dam replacement and growth rate 0.30 0.098
Number of males/females from B 160/1,100
Sire replacement and growth rate 05851 0.1038
Dam replacement and growth rate 0.30 0.1629
Number of males/females from C 140/1,200
Sire replacement and growth rate 0.5252 0.073
Dam replacement and growth rate 0.30 0.103
Number of males/females from D 120/600
Sire replacement and growth rate 0.6256 0.118
Dam replacement and growth rate 030 0.182
Number of males/females from E 100/500
Sire replacement and growth rate 0.5392 0.06
Dam replacement and growth rate 030 0.117
Selection High EBV
Mating system Random
Number of generations 15

Number of offspring per dam 1

Genome

Number of chromosomes 2

Number of SNPs 50,000

SNP distribution Evenly spaced
Number of QTL 800

QTL distribution Random
MAF of SNPs o1

MAF of QTL o1

Additive allelic effects for QTL Gamma

Rate of recurrent mutation 25x107°
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Trait Population Panel density Physical position (Mb) Percentage of phenotypic
variance explained
GMCOLB cB WGS 12072 182
GMCOLB cB 61K 12071 167
EMCOLB PB WGS 12042 305
FMCOLB PB 50K 12080 217
FMCOLL PB WGS 12086 237
FMCOLL PB 50K 120,80 189
ICOLB PB WGS 12067 259
ICOLB PB 50K 12086 237
FMCOLA Combined CB and PB WGS 12019 116
FMCOLA Combined CB and PB Medium-density 12080 105
FMCOLB Combined CB and PB WGS 12042 206
FMCOLB Combined CB and PB Medium-density 12080 129
GMCOLB Combined CB and PB WGS 120.66 127
GMCOLB Combined CB and PB Medium-density 12021 105
ICOLB Combined CB and PB WGS 12067 157
ICOLB Combined CB and PB Medium-density 120.70 115

CB, crossbred; PB, purebred; Mb, megabyte; WGS, whole-genome sequence. Combined CB and PB means combining crossbred and purebred populations, Physical position (Mb) means

S —

it Mgl





OPS/images/fgene-14-1083106/inline_24.gif





OPS/images/fgene-13-1022681/fgene-13-1022681-t009.jpg
Trait Chromosome® Physical position  Candidate genes (gene functions)
(Mb)*
cB TMCOLA ~ $5C5 1153-1174 FBX O 7, TIMP3, PWPI, RAC2, EIF3D, KCTD17 (Negative regulation of protein
phosphorylation), cellular metal ion homeostasis (KCTD17, PVALB), Apolipoprotein L3-
like, RBFOX2, FBX O 7
GMCOLB  $5C15 120.6-1209 CATIP, ARPC2, VILI (Actin filament organization), CNOTY, PLCD4, PRKAG3, DNAJB2,
ZFAND2B, CNPPDI, INHA, CDK5R2, STKIG, TTLL4, USP37, CTDSPI, SLCI1A1
PB FMCOLB ~ §SC2 142.7-144.7 ARHGAP26 (MAPK cascade and protein transport)
$5C15 120.1-1209 ARPC2, CATIP, BCSIL, VILI (Actin filament polymerization), PRKAG3, TTLL4, CTDSPI,
USP37, SLCI1AI (Protein modification processes and protein phosphorylation)
FMCOLL ~ $SCI5 120.1-122.5 ‘The same genes as previously described for FMCOLB.
ICOLB  SSCI5 119.5-122.5 CNOT9,PRKAG3,CDK5R2,VILL,TTLL4, CTDSP1, SLCI1A1, ZFAND2B, USP37, RNF25,
STK36, FEV, WNT6, IHH, WNT10A,NHEJ1, MBIMI (Regulation of protein
phosphorylation processes, proteolysis, intracellular transduction, and negative regulation of
cell communication), CATIP and ARPC2, VIL1, BCSIL (actin filament organization)
Combined EMCOLA ~ $SCI 163.9-166.8 MEGF11, U2, DIS3L, TIPIN, SCARNA14, MAP2K1, SNAPCS, RPL4, SNORD1S, ZWILCH,
dataset LCTL, SMAD3, SMADG, AAGAB, IQCH, Cl501f61, MAP2KS, SKORI, U6, PIASI, CALML4,
CLN6, FEMIB, ITGA11, and COR O 2B (positive regulation of proteolysis, negative
regulation of cell cycle, and regulation of transforming growth factor beta receptor signaling
pathway)
$5C15 120.1-1209 ‘The same genes as previously described for FMCOLB (purebreds)
EMCOLB ~ $SCI5 120-123.5 ‘The same genes as previously described for FMCOLB (purebreds)
GMCOLB  §5C2 144.7-150.9 nuclear receptor subfamily 3 group C member 1 (NR3CI), phosphodiesterase 6A (PDEGA),
serine peptidase inhibitor, Kazal type 6 (SPINKG), ARHGAP26
$5C6 52.57-59.13 Zinc finger protein 836-like, zinc finger protein 347 gene, NLR family pyrin domain
containing 7, PRK2, STRN4
$5C15 119.98-120.92 PNKD, CNOTS, PLCD4, TMBIMI, zinc finger protein 142 and SLCIIAI, TNSI, RUFY4,
ARPC2, GPBARI, AAMP, CATIP, CTDSPI, VILI, USP37, BCSIL, RNF25, STK36, TTLL4,
CYP27A1, PRKAG3, WNT6 and WNTI0A
ICOLB  $5C6 73.93-74.04 Kazrin, periplakin interacting protein (KAZN) gene
$5C15 119.55-120.92 ‘The same genes as previously described for GMCOLB (Combined dataset)
$5C16 22.59 WDR70

“This is the physical position in Mb and their nearby regions where the candidate regions were found (See Materials and Methods).
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Trait Number of QTL regions and their genomic region in mega base pairs (Mb)

PB
FMCOLB 2 QTL regions on SSC2 (142.79 and 144.77-144.77). 1 QTL region on SSC8 (34 Mb)
FMCOLL 1 QTL region on $SCI10 (38.12-38.28)

Combined dataset

FMCOLA 1 QTL region on $SC2 (134.56-134.74). 1 QTL region on SSC13 (194.82-194.82). 1 QTL region on SSC14 (44.85-45.02)

FMCOLB 3 QTL regions on SSC2 (142.79, 144.77-144.81, and 148.00). 3 QTL regions on SSC6 (19.22-19.26, 57.29-57.30, and 32.18-32.22).
1 QTL region on SSC7 (23.73-23.85). 1 QTL region on SSC13 (24.73-24.74)

GMCOLB 2 QL regions on SSC2 (144.89-144.95 and 149.09-149.12). 2 QTL regions on SSC6 (57.25 and 52.57-52.62). 1 QTL region on
$SC9 (119.68-119.69). 1 QTL region on SSC13 (195.48)

ICOLB 1 QTL region on $SC6 (73.97-74.05). 1 QTL region on SSC16 (22.84)

PB, purebred; SNP, QTL, quantitative trait loci; Mb, megabyte; SSC, sus scrofa.
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61K WGS
Trait Number of Number of Threshold Genomic Number of Number of Threshold Genomic
significant QTL inflation significant QTL inflation
SNPs regions factor SNPs regions factor
TMCOLA 2 1 529 088 396 1 527 086
GMCOLB 1 1 6.09 090 183 1 5.68 091
Total numberof 3 2 - - 579 2 - -
QTL/significant
SNPs
PB
50K WGS
Trait Number of Number of Threshold Genomic Number of Number of Threshold Genomic
significant QTL inflation significant QTL inflation
SNPs regions factor SNPs regions factor
EMCOLB 6 1 499 098 1363 5 486 1.00
EMCOLL 16 6 436 091 2,034 2 470 094
ICOLB 19 2 427 096 933 2 498 098
Total number of 41 9 - - 4330 19 - -
QTLisignificant
SNPs
Combined Dataset
61K + 50K WGS
Trait Number of Number of Threshold Genomic Number of Number of Threshold Genomic
significant QTL inflation significant QTL inflation
SNPs regions factor SNPs regions factor
EMCOLA 6 4 498 090 2,773 9 457 095
FMCOLB 5 2 490 093 2,645 12 460 0.96
GMCOLB 8 3 461 0.7 2593 9 4.60 097
ICOLB 8 2 457 077 3341 7 449 085
Total number of 27 11 - - 11,352 37 -
QTLisignificant
SNPs
Total number of 71 2 - - 16,261 58 - -

QTL/significant
SNPs for all datasets
(CBs, PBs, Combined
dataset)

CB, crossbred; PB, purebred; SNP, single nucleotide polymorphism; WGS, whole-genome sequence; QTL, quantitative trait loci.
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Combined dataset

Trait o (se) of (se) h>(se) o3 (se) o (se) h’(se) o (se) o2 (se) h? (se)
CB PB CB PB CB PB
FCOLA 037 (0.12) 107 026 033(0.18) 239(0.19) 012 (006) 033 032 103 215 024 013
©10)  (0.08) 01 7)) (022) 008)  (0.07)
FCOLB 041 (0.10) 064 039 048 (0.18) 161 (0.16) 023 (008) 039 039 057 146 0.40 021
©007)  (008) 010) (015 (008)  (017) 009)  (0.08)
FCOLL 054 (030) 152 026 056 (035) 484(037) 010 (006) 043 0.66 14(015) 423 023 013
©19  (013) 015 (036) 0.42) 008)  (0.07)
QFCOLA 100 (023) 131 043 072(022) 155(0.18) 032 (009) 085 077 137 151 038 034
©016)  (0.08) 020 (02) (1) (026 008)  (0.09)
QFCOLB 0.6 (0.16) 155 023 012(010) 159 (012) 007 (006) 047 010 156 156 023 006
©013)  (007) 015 (009)  (016)  (021) 007)  (0.06)
QFCOLL 435 (104) 768 036 119 (0.81) 1209 (091) 009 (006) 507 130 830 1432 038 008
079 (0.08) (L13)  (083) (098  (134) 007) (0.0
FMCOLA 086 (0.19) 094 048 046 (0.13) 077 (0.10) 038 (009) 067 044 106 081 039 035
©013) (009 017) 012 (04  (017) 008)  (0.10)
FMCOLB 052 (0.15) 114 031 020(009) 092 (009) 0.8 (008) 046 016 118 107 028 013
©11)  (008) 015 (008) (013 (016 008)  (0.07)
FMCOLL 273 (0.63) 270 050 106 (045) 430 (041) 020 (0.08) 365 108 247 1435 060 020
©41)  (0.09) 075 (046) (052  (061) 009)  (0.08)
TMCOLA 062 (0.13) 048 057 e 2 . : . . .
(0.08) (0.09)
TMCOLB 034 (0.09) 072 032 - - - - - - - .
©07)  (0.08)
TMCOLL 189 (053) 428 031 . - . - . . E
(0.41) (0.08)
GMCOLA 063 (0.14) 072 047 067(0.17) 088 (013) 043 (010) 061 058 077 0.99 044 037
009 (0.08) ©14) 016 (1)  (017) 008)  (0.10)
GMCOLB 020 (0.07) 078 020 029(0.09) 069 (008) 029 (009) 0.7 029 085 0.86 017 025
©006)  (0.06) 006)  (009)  (007)  (012) 006)  (0.08)
GMCOLL 153 (0.44) 398 028 200(0.62) 443 (051) 031 (009) 147 208 416 175 026 031
©036)  (0.07) 042 (063)  (042)  (071) 007) (009
ICOLA 079 (021) 177 031 0.95(038) 340 (034) 022 (008) 057 107 171 301 025 026
©16)  (0.07) 018 (039 (17 (041 007) (009
ICOLB 044 (0.15) 155 022 0.19(0.12) 162(0.12) 010 (006) 045 026 157 L62 022 014
©13)  (007) ©15) ) (015  (022) 007)  (©0.07)
ICOLL 261 (062) 353 043 129061) 681 (060) 016 (007) 237 111 331 6.16 042 015
©043)  (008) 060)  (057)  (047)  (0.76) 009)  (0.08)

CB, crossbred; PB, purebred; 02, additive genetic variance; 02, residual variance; h, narrow-sense heritability; se: standard error.
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Combined dataset

Trait

FCOLA
FCOLB
FCOLL
QFCOLA
QFCOLB
QECOLL
FMCOLA
FMCOLB
FMCOLL
TMCOLA
TMCOLB
TMCOLL
GMCOLA
GMCOLB
GMCOLL
ICOLA
ICOLB
ICOLL

Sex

NS
NS
NS

NS

NS
NS
NS
NS
NS
NS
NS

Slaughter
date

Ns
NS

NS
Ns

Room

NS
NS
NS
NS
NS
NS
NS
NS
NS
NS
NS
NS
NS
NS
NS
NS

Pen

NS
NS
NS
NS
NS
NS
NS
NS
NS
NS
NS
NS

NS
NS

Birth
year-
month

NS
NS

NS

Ns

NS
NS

Slaughter
date

NS
NS
NS
NS
NS

NS

NS

Room

NS
NS

NS
NS
NS
NS
NS

NS
NS
Ns
Ns
NS

Pen

NS
NS
NS
NS

NS
NS
NS

Birth
year-
month

NS

NS
NS

NS

Sex

NS
NS
NS

NS

NS

Slaughter
date

Room

NS
NS
NS
NS
NS
NS
NS
NS
NS

NS
NS
NS
NS

Pen

NS
NS
Ns
NS
NS

Ns
NS
NS

NS
NS
Ns
NS
NS
NS

Birth
year-
month

NS
NS
NS
NS
NS
NS
NS
NS

NS
NS
NS
NS
NS
NS

population

NS

CB, crossbred; PB, purebred; NS: non-significant. ***p < 0.01; **p < 0.05; *p < 0.1.
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Trait
FCOLA
FCOLB
FCOLL
QECOLA
QFCOLB
QFCOLL
FMCOLA
FMCOLB
FMCOLL
TMCOLA
TMCOLB
TMCOLL
GMCOLA
GMCOLB
GMCOLL
ICOLA
ICOLB
ICOLL
Min

Max

61K

44,098
44,068
44,068
44,070
44,068
44,068
44,070
44,070
44,070
44,103
44,103
44,103
44,070
44,070
44,070
44,070
44,070
44,070
44,068
44,103

N
941°
953
953
953
953
953
953
953
953
950
950
950
953
953
953
953
953
953
950
954

Imputed WGS
7,376,594
7,376,594
7,377,298
7,376,594
7,376,594
7,376,594
7,376,594
7,376,594
7,376,594
7,377,387
7,377,387
7,377,387
7,376,594
7,376,594
7,376,594
7,376,594
7,376,594
7,376,594
7,376,594
7,377,387

50K

35,775
35,799
35,782
35,801
35,809
35,809
35,809
35,809
35,809

35,809
35,809
35,809
35,809
35,809
35,809
35,775
35,809

873
885
879"
882"
885"
881"
891
891
891

891
891
891
891
891
891
891
891

Imputed WGS
10,094,644
10,090,482
10,096,911
10,095,407
10,097,161
10,097,982
10,099,578
10,099,578
10,099,578

10,099,578
10,099,578
10,099,578
10,099,416
10,099,578
10,099,578
10,090,482
10,099,578

Combined dataset

61K + 50K
29,349
29,349
29,349
29,349
29,349
29,349
29,349
29,349
29,349

29,349
29,349
29,349
29,349
29,349
29,349
29,349
29,349

N

1,844
1,844
1,844
1,844
1,844
1,844
1,844
1,844
1,844

1,844
1,844
1,844
1,844
1,844
1,844
1,844
1,844

Imputed WGS
10,331,074
10,331,074
10,331,074
10,331,074
10,331,074
10,331,074
10,331,074
10331,074
10,331,074

10,331,074
10,331,074
10,331,074
10,331,074
10,331,074
10,331,074
10,331,074
10,331,074

“The total number of PBs, with both phenotypes and genotypes were 891. However, for these trai

the GWAS, results would improve. Due to little changes in GWAS, results for PBs, those removed

N 1 M T

mals.

there were extreme phenotypic records which were removed in the analyses to check if
ividuals were added to the analyses of combined CBs, and PBs. CB, crossbred; PB,
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Number of animals Accuracy in scenarios

Stes dl IS0

Male 100 MF - — - — — —
60 MF 5,330 039 043 046 028 044
20 MF 5,445 020 024 029 019 033
100 F | 6,797 038 043 044 027 | 041
6O0F 2,719 053 037 043 027 035
20F 5437 018 029 037 020 038

100 M - — - — — -
60M | 2,719 036 034 043 031 042
20M 5437 024 031 037 026 038

Femdle | 100MF - - - - -
60 MF 2,686 040 045 051 028 043
ovE | 5452 021 0% 029 018 035

100 F - - - - - -
6O0F | 2719 020 038 046 025 035
20F 5437 018 031 025 0.19 037
wom 6,797 040 045 036 035 044

60M 2,719 035 035 033 031 041
20M 5437 025 034 028 026 038

Scns: that - 100 MB: 1008 o arimals: have phenotxoic saosids aiud o5 & reoult Socusscy was niot-caledlased foc: this case; Details: shout oaies; and: seosssing: e in: Biowes 1





OPS/images/fgene-14-1083106/fgene-14-1083106-t003.jpg
Scenarios

Ref. Sc Sc. 1 Sc. 2 SCHS)

100 MF 034 045 049 039 0.50
60 MF 025 036 043 028 0.44
20 MF 0.14 021 028 0.19 0.34
100 F 024 035 040 027 0.41
60 F 021 030 038 027 0.35
20F 0.19 024 032 020 0.38
100 M 027 036 042 036 045
60 M 025 030 039 031 0.42
20M 017 026 034 026 0.39

Details about cases, and scenarios are in Figure 1.
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Breed No Ne MAF Ho He

Yunan 120 67 02813 03756 0.3685
Huainan 33 43 0.2337 03422 0.3193
Duroc 40 77 02462 03019 0.3277
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Genotypic frequencies

Loss Median Gain

CNV1 SBWC 276 16 2 236 14012 0.007
GB 48 0 0 48
NB 38 0 0 38

CNV2 SBWC 291 0 2 289 0587 0746
GB 47 0 0 47
NB 38 0 0 38

CNV3 SBWC 363 89 12 262 30.873 3.000E-6
GB 48 0 0 48
NB 38 0 0 38

CNV4 SBWC 281 48 89 144 44.819 4.335E-9
GB 16 0 9 37
NB 38 0 0 38

CNV5 SBWC 372 4 117 211 23.749 9.000E-5
GB 47 0 24 23
NB 38 0 6 32

SBWC, Shaanbei white cashmere goats; GB, means Guizhou black goats; NB, Nubian goats. The bold values indicate the value of P < 0.05.
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CNV loci Trait types Typical frequencies (AVG = SE) P-values
Loss Median Gain

CNV1 Height at hip cross (cm) 60.84 £ 0.99 (n = 16) 58.60 = 0.80 (n = 24) 60.75 % 0.29 (n = 235) 0.066
Chest width (cm) 21.28 £ 0.95* (n = 16) 18.04 £ 0408 (n=24) | 20.05 £ 0.20* (n =235) 0.002
Chest depth (cm) 29.56 £ 0.63"° (n = 16) 28.40 4 0.34° (n = 24) 29.69 % 0.20" (n=235) 0.135
Body length (cm) 6534+ 0888 (n=16) | 63.65£0538 (n=24) | 66.49£0.34* (n=233) 1.230E-4
Cannon circumference (cm) 7.98 £ 0.13® (n =16) 7.75 £ 0.108 (n = 24) 8.39 £0.05" (n =236) 1.300E-5
Heart girth (cm) 88.38  1.60° (n = 16) 8315+ 1.12° (n=24) | 86.69 £0.46" (n =236) 0.033
Body height (kg) 60.16 £ 0.96" (1 = 16) 56.08£0.79% (1=24) | 5822%0.27" (n=235) 0.008

CNV3 Height at hip cross (cm) 59.98 £ 0.74 (n = 23) 60.08 £ 1.24 (n = 12) 60.75 £ 0.26 (n = 262) 0.625
Chest width (cm) 18.78 £ 0.44%8 (n=23) | 17.46£0.61% (1=12) | 20.03£0.19" (n=263) 0.004
Chest depth (cm) 30.48 £ 0.8 (1 = 23) 29.71  1.00 (n = 12) 2922 0.16 (n = 263) 0.109
Body length (cm) 66.44 £ 0.90 (n = 23) 6529 % 1.42 (n = 12) 66.54 4 0.28 (n = 261) 0.649
Cannon circumference (cm) 7.87 £ 0.128 (n =22) 7.9240.16*8 (n=12) 8.31 £0.05% (n =262) 0.009
Heart girth (cm) 89.65 % 1.51 (n = 22) 87.71 4 2.09 (n = 12) 88.81 £ 0.51 (n = 262) 0.795
Body height (kg) 60.84 % 0.48 (n = 89) 56.96 £ 0.93 (n = 12) 5821 0.24 (n = 262) 0552

CNV4 Height at hip cross (cm) 60.63 £ 0.55 (n = 48) 60.84 = 0.48 (n = 89) 60.39 £ 0.37 (n = 143) 0742
Chest width (cm) 18.08 = 0.30° (n = 48) 2050+ 034 (n=89) | 19.39 %025 (n = 144) 8.166E-7
Chest depth (cm) 29.68 % 0.51 (n = 48) 29.44 £ 0.31 (n=89) 20.14 023 (n = 144) 0503
Body length (cm) 65.27 £ 0.69 (n = 48) 66.64 % 0.51 (n = 89) 66.51 %0.39 (n = 144) 0223
Cannon circumference (cm) 7.90 £ 0.10° (n =47) 8.35 4 0.08" (n = 89) 8.23 £0.06" (n =143) 0.001
Heart girth (cm) 88.42 % 1.25° (n=47) 91.61+0.87 (1=89) | 87.12£0.66" (n = 143) 2.620E-4
Body height (kg) 58.05 £ 0.5 (n = 48) 58.05 & 0.42 (n = 89) 58.00 £ 0.35 (n = 144) 0996

CNV5 Height at hip cross (cm) 60.33 £ 0.60 (1 = 44) 60.210.42 (n = 116) 60.50 % 0.29 (n = 212) 0837
Chest width (cm) 19.40 % 0.50 (n = 44) 20.16 £ 0.26 (n = 116) 19.82+0.23 (n = 212) 0360
Chest depth (cm) 28.75 & 0.448 (n = 44) 29.8440.20* (n=116) | 28.95%0.198 (n=212) 0.008
Body length (cm) 64.59+0.785 (n=43) | 66.850.38" (n=116) 65.93 £ 0.35 (n= 0.025

211)

Cannon circumference (cm) 8.08 £ 0.09 (1 = 43) 8.32£0.06 (n=117) 8.18 £0.05 (n=211) 0.097
Heart girth (cm) 90.01  1.18 (n = 43) 87.74 £ 0.69 (n = 117) 87.83 £ 0.56 (n = 211) 0220
Body height (kg) 57.92 £ 0.66 (n = 44) 57.86 % 0.35 (n = 117) 57.83 029 (n=211) 0.990

Values with different letters (A, B, C/a, b, ¢) within the same row differ significantly at P < 0.01/P < 0.05. AVG, means average; SE, means standard error. The bold values indicate the value of

P < 0.05.
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Low complexity
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SINE: Short

interspersed nuclear element; LINE: Long interspersed nuclear element; LTR: Long terminal repeat.
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of smallest number of contigs whose length sum makes up 50% and 90% of the genome
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Types tal R1 R2 R3 LRl LR2
know 139 20 122 | 19 | 83 | 18
ratio 100% | 100% | 87% | 86% | 88% | 86% | 60%
novel n7 73 90 97 79 2 90
ratio 100% | 62% | 77% | 83% | 68% | 24% | 77%
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Sample LR1 LR2 LR3 H HR2 3
0-01 | e unw 46 (17.97%) 37 (1445%) 58 (22.66%) 145 (56.64%) 38 (14.84%)
01-03 35 (13.67%) 36 (14.06%) 24 (9.38%) 25 (9.77%) 29 (11.33%) 0 (0.00%)
03-357 55 (21.48%) 66 (25.78%) 85 (33.20%) 67 (26.17%) 36 (14.06%) 99 (38.67%)
357-15 30 (11.72%) 28 (10.94%) 26 (10.16%) 32 (1250%) 16 (6.25%) 28 (10.94%)
15-60 17 (6.64%) 21 (8.20%) 23 (898%) 18 (7.03%) 10 (3.91%) 24 (9.38%)
>60 57 (2227%) 59 (23.05%) 61 (23.83%) seQussn) | 20 (7.81%) 67 (26.17%)
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Sample LR1 LR2 LR3 HR1 HR2 HR3
Raw Reads 11,585,179 10414448 11,147,151 9,959,923 10728970 15,885,959
Clean Reads 11,120,503 10,206,637 10,509,901 9,583,661 10,176,841 15,142,493
Q30 (%) 97.98 98.62 97.82 97.97 97.83 97.81
GC Content (%) 4891 4836 49.19 49.19 48.92 48.99
Raw Reads 11,585,179 10,414,448 11,147,151 9,959,923 10,728,970 15,885,959
Total Mapped 10278758 (92.43%) | 10014172 (98.11%) | 9,533,396 (9071%) | 8,699,934 (90.78%) | 9,391,798 (92.29%) | 13765901 (90.91%)

Notes: LR1: Low_RFI, No. 1 Hu sheep; LR2: Low_RFI, No. 2 Hu sheep; LR3: Low_RFI, No. 3 Hu sheep; HR1: High_RFI, No. 1 Hu sheep: HR2: High_RFI, No. 2 Hu sheep; HR3: High_RFI, No.
3 Hu sheep; Q30: (Percentage of bases with phred values greater than 30 in the total number of bases); GC, Content: Calculate the sum of the number of bases G and C as a percentage of the

RA P R A
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Parity Phenotype

Gilt P2BF
SBE

LRBF
LBE
Parity 1 ~ P2BF
SBF
SSRBF

LRBF

LBF
ABF
Parity 2 P2BF
SSRBF
LRBF
ABE

S§C

13
23

16

1

12
14

Position
(Mb)

10.43
233.79-235.18
12535
83.12
136.08
2389

1043

6341

2197

83.26

2609

17.86

8598

3.52

10223
21380
2197
20.03-21.43
106.29
20.03-21.43
106.29
20.03-21.43

Number
of significant
SNPs

Most significant SNP

Position
(bp)

10,430,709
234,643,280
125,353,968
83,125,662
136,088,769
23,893,572
10,430,709
63,418,505
21,976,238
83,269,208
26,093,623
17,867,041
85,986,081
3,528,858
102,231,770
213,808,326
21,976,238
20,038,718
106,293,182
20,038,718
106,293,182
20,038,718

p-value

6.58E-06
8.30E-06
7.77E-06
1.37E-05
1.40E-05
1.05E-05
5.69E-06
1.21E-05
L61E-05
1.21E-05
1.84E-05
1.38E-05
9.06E-06
1.27E-05
1.89E-05
1.42E-05
4.61E-06
1.44E-05
4.47E-06
8.73E-06
2.44E-06
1.91E-05

Minor allele
frequency

0.239
0.125
0375
0.08333
02812
0.05208
0.239
0.09375
0.4271
0.4375
0.1354
0.1562
0.0625
0.1458
0.1562
0.01042
0.4271
0.4792
0.1250
0.4792
0.1250
0.4792

Candidate gene
name

SRFBP1
HHIP
HACD2, CCDC14

UFLI
SKP2
PLCD3

CPTIA, FGF19, FADD
PCSK1

SKP2
ENPP2, EXT1, SLC30A8

ENPP2, EXT1, SLC30A8

ENPP2, EXT1, SLC30A8

Significance of SNP.
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Number Trait Mean (mm) SD Min Max CV %

Gilt 48 P2BF 36.90 921 20.70 53.90 34.96
SBE 1570 3.24 9.40 26.90 20.64
SSRBF 40,00 9.29 2320 58.90 2323
LRBF 34.64 8.37 20.10 53.90 24.16
LBF 2058 3.24 15.00 27.60 15.74
ABF 27.70 5.04 1958 37.93 18.19
Paity 1 48 P2BF 3528 7.37 20.70 50.80 20.89
SBE 18.40 273 13.80 26.30 14.84
SSRBF 3577 8.74 20.70 54.50 2443
LRBF 31.96 7.50 1820 52.60 2347
LBF 2178 3.99 13.80 36.40 18.32
ABF 2698 479 18.00 39.03 17.75
Paity 2 2 P2BF 3593 6.74 22.60 52.00 18.76
SBE 1836 235 13.80 24.40 12.80
SSRBF 39.67 9.94 21.30 60.30 25.06
LRBF 3287 6.54 2130 50.10 19.90
LBF 2176 288 17.50 30.10 1324
ABF 28.17 5.03 19.43 4043 17.86

P2BF, P2 point backfat; SBF, Shoulder backfat; SSRBF, Six and seven rib backfat; LRBF, Last rib backfat; LBF, Lumbosacral backfat; ABF, Average backfat; SD, Standard Deviation; CV,
Coefficient of variance.
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Group

Yunan-Duroc Vs.
Huainan

Yunan-Huainan Vs.
Duroc

Yunan Vs. Huainan-
Duroc

S8C

P )

15

17

13
2

12
14
14

Position (bp)

44,480,000-4,4,931,794
90,160,000-90,495,794
97,080,000-97,995,794
2,770,524-3,132,524

36,784,268-37,498,268
71,302,268-71,340,268
54,733,496-55,767,496
14,960,000-15,610,808
978,400-1036400
76,400,000-7734,000
109,103,272-109,460,000
3,800,000-4,580,000

17,009,180-17,211,180
56,423,768-56,919,768
5,8,071,768-60,123,768

68,667,768-68,780,000
69,440,001-69,625,768
21,240,001-21,830,268

149,794,156-150,244,156

33,334,864-33,480,864
44,416,175-44,614,028
4,808,255-5,832,188
29,366,624-29,413,703
28,300,808-29,064,808
22,829,286-23,387,286
75,501,272-77,161,272
112,560,001-113,175,272

Gene

Backfat

GPRC6A

SMAD2, ZBTBZ7C
SDK1

ZNF638
CPT1
D4
NSD2
TAC1
SFRP5

PLCB1
NLRP3

LPAR2, GATAD2A, SUGP1, NCAN, INSL3,

JAK3, CRTCL

PIN1, OLFM2
DNM2, CARM1
SLC30A8

ANGPTL3

PDE3B

CDH13

AMFR

BEND6

MED], PIP4K2B

MCU, PLA2G12B, ANXA7
LDB1

Growth

SENP6

SLC26A2

Cl6orf89
CLEC11A
NELFA
DLX5

CRTAC1
MBDS, ACVR2A

CLIP2, MEF2B, SLC25A42, CRLF1,
GDF15

UBLS5.
TGFBR3L

DOCK3

RAB23

MSS$51, MYOZL

Body weight (birth)

Body weight (end of
test)

Average daily gain
Backfat at last rib
Leaf fat weight

Average backfat
thickness

Body depth

Body width

Backfat at first rib

Average backfat
thickness

Body weight
Days to 100 kg

Body length

Average daily gain
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Breeds Nron Range ROH NMgou MGLgou (Mb) Frou

(Mb)
Yunan 1,126 3-124 9.38 + 455 1001 + 4.28 0.043 + 0,033
Huainan 238 1-105 721 £8.14 949 £ 621 0.034 + 0.043
Duroc 1953 2-80 48.82 £ 655 891 £ 114 0.1925 + 0.037

Niop: Total number of ROH per breed; Range ROH: length range of ROH; NMgop: Mean number of ROH in a breed; MGLyoy, Breed wise mean genome length covered by ROH in Mb;
Frop. Inbreeding coefficient based on ROH
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Breeds Species® N animals Total reads Read length® Mapped reads® Depth”
in million®

Fleckvieh B. taurus 10 32652 101 0977 5.823
Kazakh B. taurus 6 25032 131 0998 8.859
Mongolian B. taurus 2 21078 139 0998 8259
Yanbian B. taurus 10 22690 137 0998 8513
Dabieshan B. indicus 2 34520 9% 0992 10.257
Dehong B. indicus 2 34282 9 0997 10.052
Dengchuan B. indicus 2 34643 94 0997 10.346
Fujian B. indicus 2 33211 95 0997 9.988
Guanling B. indicus 2 34023 9% 0997 10.269
Liping B. indicus 2 33878 96 0997 10.097
Wenling B. indicus 2 339.14 %0 0997 9387
Luxi Admixed 2 32472 95 0998 10.133
Nanyang Admixed 2 369.14 96 0998 10.333
Tibetan Admixed 2 30114 9% 0998 9.636
Qinchuan Admixed 2 34776 9 0998 9.846

*Assigned species were based on the principal component analysis carried out in this study—Admixed of Btaurus and B. indicus; Superscript b, ¢, d, e were the average values from
individuals in each respective breed.
bDepth values inferred from SNVs, in the final VCE, file.
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Pools*

Fleckvich
Kazakh
Mongolian
Yanbian
cHBI
CHBI_Med
CHBI_Low.

iSAFE test

Mean +
SD*

007+ 005
010+ 008
006+ 004
005+ 003
0112007
010+ 007
009+ 006

169

1,648

Intergenic'  Gene®
1764 161
1059 36
2656 1
361 258
0 0
368 3

ss1 2

iHS test

Mean +
SD*

001 £070
0532107
015064
009065
001 %060
049075
0022070

Sign.
SNVst

a
91
30
59
5

Intergenic?

15
36
2
5

Gene*

Fst test’

Mean +
SD#

0,08+ 0.05
0,06+ 0.05
0.08 £ 005
007+ 005
NA
NA
NA

Sign.
Windows"

301
336
334
34
NA
NA
NA

Interge

185
188
NA
NA
NA

"Pocls: grouping of individuals

"Mean and D, of raw values for SNV, reported in each respectiv test
Number of SNVs, passing the threshold of genome.wide significance (-ogio(p) = 7.301).

“Number of SNVs, annotated to intergenic regions.

Number of SNVs, annotated to coding regions of genes.
Fst test of respective breed against CHBL
“Mean and SD, of Fst values for all windows.

"Number of windows passing the threshold of genome-wide significance (logyo(p) = 7.301).
Number of windows annotated o intergenic regions

iiackiar of wikidows amotiied 15 codiag vantons oF Bai.

fiest four are specific B. taurus, CHBI_Low (seven Chinese B. indicus), CHBI_Med (four Chinese admixed), and CHBI (combination of CHBI_Low and CHBI_Med).
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GO term

GO: 0005216~ion channel activity

GO: 0001666~response to hypoxia
GO: 0034101~erythrocyte homeostasis
bta04924: Renin secretion

GO: 1901700~response to oxygen-
containing compound

GO: 0008217~regulation of blood pressure
GO: 0020037~heme binding

GO: 0016887~ATPase activity

GO: 0042593~glucose homeostasis

Count p
value

15 4.8E-06
7 9.3E-04
6 1.0E-03
6 2.9E-04
19 1.0E-04
6 21E-03
5 21E-02
8 1.3E-02
6 5.1E-03

Fold
change

45

6.1
77
a8
28

6.6
47
31
53

Gene

ITPR2, KCNJ8, GPR89A, TRPM3, CLCA1, NOXS5, GRIK3, CACNG2, SLC26A, CLCA4,
GABRB2, ABCC9, KCNQ3, CLCA2, TPC3

ITPR2, MB, CBFA2T3, SRF, VEGFC, HMOX1, ARNT
MAFB, MB, FOX03, SRF, HMOX1, ARID4A
ITPR2, CLCA1, PRKACB, CLCA4, CLCA2, GUCY1A2

DUSPI0, ITPR2, KCNJ8, IMPACT, NDUFS4, SESN3, AVPRIA, STATI, PDX1, PTK7,
SLCIIAL, ADHS5, EFNAS5, SSTR2, NOX4, HRH4, CRY2, ENPP1, MZB1

AVPRIA, POMC, GRIP2, ERAP1, ADHS5, MYH6

MB, HMOX1, CYP4F2, GUCY1A2, ENSBTAG00000048257

ABCBI0, ATP6VOAL, YTHDC2, MYOI0, ABCCY, ATP6VIG1, MYH7, MYH6
SESN3, POMC, PDX1, FOXO3, CRY2, NOX4
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BAT

28

Region
start

4225
17.55

575

57.55
8345

484
296

8145

60.65

145

Region
end

4245
17.6

57.6

57.65
83.55

48.5
29.7

81.55

60.75

155

XPCLR
score

10.99
1154

1601

12,65
16.65

4383
1117

13.63

1294

1881

iHS
value

6.28
6.15

675

675
8.19

623
6.31

6.04

7.05

6.94

Gene
name

GALNT13
ENSBTAGO
0000050002
CLCA4

CLCA1
CLCA2
ITPR2

GDA
B3GLCT

COL14A1

SOATI1

AXDNDI

NUPI33

ABCB10

ENSBTAGO
0000034225

Gene
function/phenotype

Novel gene/uncharacterized protein

Rennin secretion, ion channel
activity

Response to hypoxia

Carbohydrate metabolic process,
protein glycosylation, horn
development, environment
adaptation

Protein binding, angiogenesis

Cholesterol metabolic process

Response to bone fracture/bone
synthesis

Regulate mitochondrial function
and oxidative stress response

ATPase-coupled transmembrane
transporter activity; regulates heme
synthesis; Iron metabolism; reactive
oxygen species

Basal transcription, coactivators,
and promotor recognition.

Species

Human

Cattle, sheep

Mice, rats,
sheep, human

Insects, mice

human
Mouse

Mouse,
zebrafish,
human cell
culture

References

Palubiski et al. (2020); Weir and
Olschewski, (2006)

Huerta-Sénchez et al. (2013);
Jurkovicova etal. (2008); Manalo et al.
(2005); Qu et al. (2015)

Ahbara etal. (2019); Flori etal. (2019);
Pan et al. (2018)

Chai etal. (2004); Copple et al. (2011);
Wiener et al. (2021); Zhang et al.
(2018)

Guan et al. (2020); Miron and Tirosh,
(2019); Zuniga-Hertz and Patel,
(2019)

Pettersson-Kymmer et al. (2013)
Sunny et al. (2020)

Bayevaetal. (2013); Liesa etal. (2012);
Seguin and Ward, (2018); Valverde
et al. (2015); Yamamoto et al. (2014)
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Category

High altitude

Low altitude

Breed

Bale

Choke

Semien

Afar

Boran

Ogaden

Region (district)

Oromia (Bale)
Amhara (East Gojam)
Amhara (North
Goder)

Afar

Oromia (Borena)

Ogaden

Location

Bale Mountain
Choke Mountain
Semien Mountain
Melka Were/
Asayta

Dubulk
Tigiga

Altitude
(masl)

35586

3410

1,368
1,200

GPS

Latitude
(degree)

677
1060
1323
934

455
09.58

Longitude
(degree)

3975
37.84
38.13
40.17

38.10
4185

Climate

Cold humid,
highland

Cold humid,
highland

Cold humid,
highland

Hot and dry lowland

Hot and dry lowland
Hot and dry lowland
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SNP ID

15268267345

15268258357
15268288690
15268256209

rance from identified SNP.

Candidate gene

PPPIRIC
SSFA2
TRNAS-GCU
GABRAS
sv2B
AKAPI3

Distance*

Intron 2
—98,584
~71,861
Intron 6
41,296
+99,644

Gene description

Protein phosphatase 1 regulatory inhibitor subunit 1C
Sperm-specific Antigen 2

Transfer RNA Serine (Anticodon GCU)
Gamma-aminobutyric acid type a receptor subunit Alpha3
Synaptic vesicle glycoprotein 2B

A-Kinase anchoring protein 13
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Trait aﬂz o2, v} h2(£SE) hzc R

pe
LSB 0.0024 0.49e~7 0.1278 0.019 (£0.028) 0011 0018
Lsw 0.82¢~7 00140 02421 0.32¢—6 (0.14e—6) 021e~7 0055

2, additive genetic variance; 072, permanent enviror
2, additive genetic variance; 2, permanent env

ental variance; 02, residual variance; i, whole population heritability; A, genomic heritability; R, repeatabiliy.
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