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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.
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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
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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
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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.
DATA AVAILABILITY STATEMENT
The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found below: https://www.ncbi.nlm.nih.gov/, PRJNA810279.
ETHICS STATEMENT
The animal study was reviewed and approved by Animal Care and Use Committee of Shandong Agricultural University.
AUTHOR CONTRIBUTIONS
XF, CN, and DW conceived the idea. YW, and AY collected the data. CN, and DW performed the theoretical study. KX, JH, YD, and CN analyzed the data. DW, CN, and XF wrote the manuscript with input from all authors. XF, QZ, and JH supervised the research. All authors contributed to the discussions of the results.
FUNDING
This work was supported by the Agricultural Improved Seed Project of Shandong Province (2021LZGC002), Shandong Province Special Economic Animal Innovation Team (SDAIT-21–02), National Natural Science Foundation of China (32102526 and 32002172), China Postdoctoral Science Foundation (2020M682217), Shandong Provincial Postdoctoral Program for Innovative Talent and Shandong Provincial Natural Science Foundation (ZR2020QC176 and ZR2020QC175).
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fgene.2022.968712/full#supplementary-material
REFERENCES
 Al-Khudhair, A., Vanraden, P. M., Null, D. J., and Li, B. (2021). Marker selection and genomic prediction of economically important traits using imputed high-density genotypes for 5 breeds of dairy cattle. J. Dairy Sci. 104, 4478–4485. doi:10.3168/jds.2020-19260
 Bhuiyan, M. S. A., Lee, S. H., Hossain, S. M. J., Deb, G. K., Afroz, M. F., Lee, S. H., et al. (2021). Unraveling the genetic diversity and population structure of Bangladeshi indigenous cattle populations using 50K SNP markers. Animals. 11, 2381. doi:10.3390/ani11082381
 Boison, S. A., Utsunomiya, A. T. H., Santos, D. J. A., Neves, H. H. R., Carvalheiro, R., Meszaros, G., et al. (2017). Accuracy of genomic predictions in Gyr (Bos indicus) dairy cattle. J. Dairy Sci. 100, 5479–5490. doi:10.3168/jds.2016-11811
 Bolger, A. M., Lohse, M., and Usadel, B. (2014). Trimmomatic: A flexible trimmer for illumina sequence data. Bioinformatics 30, 2114–2120. doi:10.1093/bioinformatics/btu170
 Browning, B. L., Zhou, Y., and Browning, S. R. (2018). A one-penny imputed genome from next generation reference panels. Am. J. Hum. Genet. 103, 338–348. doi:10.1016/j.ajhg.2018.07.015
 Budhlakoti, N., Mishra, D. C., Rai, A., Lal, S. B., Chaturvedi, K. K., and Kumar, R. R. (2019). A comparative study of single-trait and multi-trait genomic selection. J. Comput. Biol. 26, 1100–1112. doi:10.1089/cmb.2019.0032
 Chang, C. C., Chow, C. C., Tellier, L. C., Vattikuti, S., Purcell, S. M., and Lee, J. J. (2015). Second-generation PLINK: Rising to the challenge of larger and richer datasets. Gigascience 4, 7. doi:10.1186/s13742-015-0047-8
 Chang, L. Y., Toghiani, S., Aggrey, S. E., and Rekaya, R. (2019). Increasing accuracy of genomic selection in presence of high density marker panels through the prioritization of relevant polymorphisms. BMC Genet. 20, 21. doi:10.1186/s12863-019-0720-5
 Covarrubias-Pazaran, G., Schlautman, B., Diaz-Garcia, L., Grygleski, E., Polashock, J., Johnson-Cicalese, J., et al. (2018). Multivariate GBLUP improves accuracy of genomic selection for yield and fruit weight in biparental populations of vaccinium macrocarpon ait. Front. Plant Sci. 9, 1310. doi:10.3389/fpls.2018.01310
 Davies, R. W., Flint, J., Myers, S., and Mott, R. (2016). Rapid genotype imputation from sequence without reference panels. Nat. Genet. 48, 965-+969. doi:10.1038/ng.3594
 Davies, R. W., Kucka, M., Su, D. W., Shi, S. N., Flanagan, M., Cunniff, C. M., et al. (2021). Rapid genotype imputation from sequence with reference panels. Nat. Genet. 53, 1104-+1111. doi:10.1038/s41588-021-00877-0
 Dige, M. S., Kumar, A., Kumar, P., Dubey, P. P., and Bhushan, B. (2012). Estimation of variance components and genetic parameters for growth traits in New Zealand white rabbit (Oryctolagus cuniculus). J. Appl. Animal Res. 40, 167–172. doi:10.1080/09712119.2011.645037
 El Nagar, A. G., Sanchez, J. P., Ragab, M., Minguez, C., and Baselga, M. (2020). Genetic variability of functional longevity in five rabbit lines. Animal 14, 1111–1119. doi:10.1017/S1751731119003434
 Gorjanc, G., Cleveland, M. A., Houston, R. D., and Hickey, J. M. (2015). Potential of genotyping-by-sequencing for genomic selection in livestock populations.Genet. Sel. Evol. 47, 12. doi:10.1186/s12711-015-0102-z
 Guo, G., Zhao, F., Wang, Y., Zhang, Y., Du, L., and Su, G. (2014). Comparison of single-trait and multiple-trait genomic prediction models. BMC Genet. 15, 30. doi:10.1186/1471-2156-15-30
 Hayes, B. J., Bowman, P. J., Chamberlain, A. J., and Goddard, M. E. (2009). Invited review: Genomic selection in dairy cattle: Progress and challenges. J. Dairy Sci. 92, 433–443. doi:10.3168/jds.2008-1646
 He, J., Lopes, F. B, and Wu, X. L. (2019). Methods and applications of animal genomic mating. Yi Chuan 41, 486–493. doi:10.16288/j.yczz.19-053
 He, J., Wu, X. L., Zeng, Q. H., Li, H., Ma, H. M., Jiang, J., et al. (2020). Genomic mating as sustainable breeding for Chinese indigenous Ningxiang pigs. Plos One 15, e0236629. doi:10.1371/journal.pone.0236629
 Hickey, J. M., Dreisigacker, S., Crossa, J., Hearne, S., Babu, R., Prasanna, B. M., et al. (2014). Evaluation of genomic selection training population designs and genotyping strategies in plant breeding programs using simulation. Crop Sci. 54, 1476–1488. doi:10.2135/cropsci2013.03.0195
 Jannink, J. L., Lorenz, A. J., and Iwata, H. (2010). Genomic selection in plant breeding: From theory to practice. Brief. Funct. Genomics 9, 166–177. doi:10.1093/bfgp/elq001
 Jia, Y., and Jannink, J. L. (2012). Multiple-trait genomic selection methods increase genetic value prediction accuracy. Genetics 192, 1513–1522. doi:10.1534/genetics.112.144246
 Karimi, K., Sargolzaei, M., Plastow, G. S., Wang, Z., and Miar, Y. (2019). Opportunities for genomic selection in American mink: A simulation study. PLoS One 14, e0213873. doi:10.1371/journal.pone.0213873
 Krishnappa, G., Savadi, S., Tyagi, B. S., Singh, S. K., Mamrutha, H. M., Kumar, S., et al. (2021). Integrated genomic selection for rapid improvement of crops. Genomics 113, 1070–1086. doi:10.1016/j.ygeno.2021.02.007
 Li, H. (2011). A statistical framework for SNP calling, mutation discovery, association mapping and population genetical parameter estimation from sequencing data. Bioinformatics 27, 2987–2993. doi:10.1093/bioinformatics/btr509
 Li, H., and Durbin, R. (2009). Fast and accurate short read alignment with Burrows-Wheeler transform. Bioinformatics 25, 1754–1760. doi:10.1093/bioinformatics/btp324
 Liu, B., Shen, L., Guo, Z., Gan, M., Chen, Y., Yang, R., et al. (2021). Single nucleotide polymorphism-based analysis of the genetic structure of Liangshan pig population. Anim. Biosci. 34, 1105–1115. doi:10.5713/ajas.19.0884
 Liu, S., Huang, S., Chen, F., Zhao, L., Yuan, Y., Francis, S. S., et al. (2018). Genomic analyses from non-invasive prenatal testing reveal genetic associations, patterns of viral infections, and Chinese population history.Cell. 175, 347–359. doi:10.1016/j.cell.2018.08.016
 Mancin, E., Sosa-Madrid, B. S., Blasco, A., and Ibanez-Escriche, N. (2021). Genotype imputation to improve the cost-efficiency of genomic selection in rabbits. Anim. (Basel) 11, 803. doi:10.3390/ani11030803
 Meier, J. I., Salazar, P. A., Kucka, M., Davies, R. W., Dreau, A., Aldas, I., et al. (2021). Haplotype tagging reveals parallel formation of hybrid races in two butterfly species. Proc. Natl. Acad. Sci. U. S. A. 118, e2015005118. doi:10.1073/pnas.2015005118
 Meuwissen, T., Hayes, B., and Goddard, M. (2013). Accelerating improvement of livestock with genomic selection. Annu. Rev. Anim. Biosci. 1, 221–237. doi:10.1146/annurev-animal-031412-103705
 Montes-Vergara, D. E., Hernndez-Herrera, D. Y., and Hurtado-Lugo, N. A. (2021). Genetic parameters of growth traits and carcass weight of New Zealand white rabbits in a tropical dry forest area. J. Adv. Vet. Anim. Res. 8, 471–478. doi:10.5455/javar.2021.h536
 Nandolo, W., Meszaros, G., Banda, L. J., Gondwe, T. N., Lamuno, D., Mulindwa, H. A., et al. (2019). Timing and extent of inbreeding in african goats. Front. Genet. 10, 537. doi:10.3389/fgene.2019.00537
 Nicod, J., Davies, R. W., Cai, N., Hassett, C., Goodstadt, L., Cosgrove, C., et al. (2016). Genome-wide association of multiple complex traits in outbred mice by ultra-low-coverage sequencing. Nat. Genet. 48, 912–918. doi:10.1038/ng.3595
 Niranjan, S. K., Sharma, S. R., and Gowane, G. R. (2011). Estimation of genetic parameters for wool traits in Angora rabbit. Asian-Australas. J. Anim. Sci. 24, 1335–1340. doi:10.5713/ajas.2011.10456
 Okeke, U. G., Akdemir, D., Rabbi, I., Kulakow, P., and Jannink, J. L. (2017). Accuracies of univariate and multivariate genomic prediction models in African cassava. Genet. Sel. Evol. 49, 88. doi:10.1186/s12711-017-0361-y
 Singh, A., Kumar, A., Mehrotra, A., Karthikeyan, A., Pandey, A. K., Mishra, B. P., et al. (2021). Estimation of linkage disequilibrium levels and allele frequency distribution in crossbred Vrindavani cattle using 50K SNP data. Plos One 16, e0259572. doi:10.1371/journal.pone.0259572
 Solberg, T. R., Sonesson, A. K., Woolliams, J. A., and Meuwissen, T. H. E. (2008). Genomic selection using different marker types and densities. J. Anim. Sci. 86, 2447–2454. doi:10.2527/jas.2007-0010
 Spindel, J., Begum, H., Akdemir, D., Virk, P., Collard, B., Redona, E., et al. (2015). Genomic selection and association mapping in rice (oryza sativa): Effect of trait genetic architecture, training population composition, marker number and statistical model on accuracy of rice genomic selection in elite, tropical rice breeding lines. PLoS Genet. 11, e1004982. doi:10.1371/journal.pgen.1004982
 Vanraden, P. M. (2008). Efficient methods to compute genomic predictions. J. Dairy Sci. 91, 4414–4423. doi:10.3168/jds.2007-0980
 Wang, D., Xie, K. R., Wang, Y. Y., Hu, J. Q., Li, W. Q., Zhang, Q., et al. (2022). Cost-effectively dissecting the genetic architecture of complex wool traits in rabbits by low-coverage sequencing. BIORXIV , 483689.doi:10.1101/2022.03.09.483689
 Wang, Q., Yu, Y., Yuan, J., Zhang, X., Huang, H., Li, F., et al. (2017). Effects of marker density and population structure on the genomic prediction accuracy for growth trait in Pacific white shrimp Litopenaeus vannamei. BMC Genet. 18, 45. doi:10.1186/s12863-017-0507-5
 Wientjes, Y. C., Veerkamp, R. F., and Calus, M. P. (2013). The effect of linkage disequilibrium and family relationships on the reliability of genomic prediction. Genetics 193, 621–631. doi:10.1534/genetics.112.146290
 Wiggans, G. R., Cole, J. B., Hubbard, S. M., and Sonstegard, T. S. (2017). Genomic selection in dairy cattle: The USDA experience. Annu. Rev. Anim. Biosci. 5, 309–327. doi:10.1146/annurev-animal-021815-111422
 Yang, A. Q., Chen, B., Ran, M. L., Yang, G. M., and Zeng, C. (2020). The application of genomic selection in pig cross breeding. Yi Chuan 42, 145–152. doi:10.16288/j.yczz.19-253
 Zhao, H. L., Huang, D. W., Chen, S., Cheng, G. L., Yang, Y. X., Zhao, X. W., et al. (2016). “Wan strain Angora rabbit - a novel breed in China,” in World Rabbit Science Association Proceedings 11th World Rabbit Congress,  (Qingdao, China, June, 15-18, 2016).() 
Conflict of interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2022 Ning, Xie, Huang, Di, Wang, Yang, Hu, Zhang, Wang and Fan. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
OPS/images/inline_2.gif





OPS/xhtml/nav.xhtml
Contents

		Cover

		Marker density and statistical model designs to increase accuracy of genomic selection for wool traits in Angora rabbits		1 Introduction

		2 Materials and methods		2.1 Animal phenotypes and genotypes

		2.2 Models

		2.3 Marker densities

		2.4 Cross-validation

		2.5 Implements





		3 Results		3.1 50K markers are the baseline to estimate heritability for angora rabbits

		3.2 50K markers can achieve ideal prediction accuracy for angora rabbits

		3.3 Multiple-trait models can improve the prediction accuracy in genomic selection





		4 Discussion

		5 Conclusion

		Data availability statement

		Ethics statement

		Author contributions

		Funding

		Publisher’s note

		Supplementary material

		References









OPS/images/inline_16.gif
F'y..GEBV





OPS/images/inline_4.gif





OPS/images/inline_3.gif





OPS/images/inline_15.gif
Y





OPS/images/inline_14.gif
"









OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
P frontiers | Frontiers in Genetics





OPS/images/inline_1.gif





OPS/images/inline_10.gif





OPS/images/fgene-13-968712-g003.gif





OPS/images/fgene-13-968712-t001.jpg
Trait Heritability Trait Heritability
BW70 0257:0.05367 LEW70 0.214£0.0512
BW140 0375£0.05271 LEW140 0.045:0.0385
BW210 0328£0.05272 LEW210 0.129:0.04422
CVDFW70 0.0180.03479 RCW70 0.0240.03705
CVDFW 140 0.063£0.03697 RCW140 0.02£0.03683
CVDEW210 0075£0.04199 RCW210 0.196£0.04849
DEW70 0.252£0.04953 WSW70 0.111:0.04758
DFW140 0.303£0.05209 WSW140 0.305£0.05328
DFW210 0301£0.05111 WSW210 024200502
LCW70 0.323£0.05669

LCW140 0036£0.03552

LCW210

0.162£0.04733






OPS/images/inline_13.gif





OPS/images/inline_11.gif





OPS/images/inline_12.gif





OPS/images/math_4.gif





OPS/images/cover.jpg
, frontiers | Frontiers in Genetics

Marker density and statistical
model designs to increase
accuracy of genomic selection
for wool traits in Angora rabbits





OPS/images/math_3.gif





OPS/images/fgene-13-968712-g001.gif
FEsrsFEF e

FesesFSFgord

£ s
R,

FrraggdFers

Fe s s godFers





OPS/images/inline_9.gif





OPS/images/fgene-13-968712-g002.gif
£
st

.

=%

&
o
s
+
&
&
P
N
&
&





OPS/images/math_2.gif





OPS/images/math_1.gif





OPS/images/inline_6.gif





OPS/images/inline_5.gif





OPS/images/inline_8.gif





OPS/images/inline_7.gif





