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This study investigated effects of integrating single-nucleotide polymorphisms (SNPs) selected based on previous genome-wide association studies (GWASs), from imputed whole-genome sequencing (WGS) data, in the conventional 54K chip on genomic prediction reliability of young stock survival (YSS) traits in dairy cattle. The WGS SNPs included two groups of SNP sets that were selected based on GWAS in the Danish Holstein for YSS index (YSS_SNPs, n = 98) and SNPs chosen as peaks of quantitative trait loci for the traits of Nordic total merit index in Denmark–Finland–Sweden dairy cattle populations (DFS_SNPs, n = 1,541). Additionally, the study also investigated the possibility of improving genomic prediction reliability for survival traits by modeling the SNPs within recessive lethal haplotypes (LET_SNP, n = 130) detected from the 54K chip in the Nordic Holstein. De-regressed proofs (DRPs) were obtained from 6,558 Danish Holstein bulls genotyped with either 54K chip or customized LD chip that includes SNPs in the standard LD chip and some of the selected WGS SNPs. The chip data were subsequently imputed to 54K SNP together with the selected WGS SNPs. Genomic best linear unbiased prediction (GBLUP) models were implemented to predict breeding values through either pooling the 54K and selected WGS SNPs together as one genetic component (a one-component model) or considering 54K SNPs and selected WGS SNPs as two separate genetic components (a two-component model). Across all the traits, inclusion of each of the selected WGS SNP sets led to negligible improvements in prediction accuracies (0.17 percentage points on average) compared to prediction using only 54K. Similarly, marginal improvement in prediction reliability was obtained when all the selected WGS SNPs were included (0.22 percentage points). No further improvement in prediction reliability was observed when considering random regression on genotype code of recessive lethal alleles in the model including both groups of the WGS SNPs. Additionally, there was no difference in prediction reliability from integrating the selected WGS SNP sets through the two-component model compared to the one-component GBLUP.
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INTRODUCTION

Young stock mortality represents a major economic loss for dairy farmers due, for instance, to fewer heifers available for replacement in the production system, fewer male calves for slaughter, higher veterinarian cost, and cost related to disposal of dead calf. In the Nordic countries, annual total loss due to dairy calf mortality (including stillbirth) is estimated to be approximately €70 million (Østerårs et al., 2007). In addition, young stock mortality poses a large animal welfare issue and threatens the public perceptions of the dairy industry.

Part of the variation in young stock mortality is genetic with reported heritability estimates ranging from 0.00 to 0.08 (e.g., Hansen et al., 2003; Fuerst-Waltl and Sørensen, 2010; Henderson et al., 2011). In the Nordic countries, young stock survival (YSS) in calves is included in the Nordic total merit (NTM) index (NAV).1 A challenge in the genetic evaluation for YSS traits is the low heritability leading to low prediction accuracies. Theoretically, there are possibilities to improve the reliability of genomic prediction models by incorporating causative variants (if known) or markers highly correlated with them (de Los Campos et al., 2013).

Genome-wide association studies (GWASs) based on sequence data have shown high power to identify putative causative variants and strong signals of association for various economic traits in cattle (Daetwyler et al., 2014; Sahana et al., 2014; Wu et al., 2017). Studies have shown that genomic prediction models incorporating single-nucleotide polymorphisms (SNPs) selected from whole-genome sequencing (WGS) data based on such GWASs lead to improved accuracy of prediction of breeding values for some traits. Brøndum et al. (2015) added quantitative trait loci (QTLs) from GWAS to genomic prediction models and achieved up to 5 percentage point increase in accuracy for milk production traits. Similarly, Liu et al. (2019) reported gains in prediction reliability for milk production traits in the Danish Jersey by integrating selected WGS variants with the 54K SNP chip. A GWAS by Wu et al. (2017) using WGS data reported interesting genomic regions across the Bos taurus autosome (BTA) significantly associated with the YSS index trait in the NTM index. Incorporating such WGS variants from GWASs might enable improvement of genomic prediction reliability for YSS traits. Additionally, the genetic underpinnings of young stock and calf mortality can be partly polygenic and partly due to deleterious effects of recessive lethal alleles (Gebreyesus et al., 2020). Several studies have reported haplotypes with harmful recessive effects on fertility and responsible for early embryonic lethality and stillbirth in various cattle breeds (e.g., VanRaden et al., 2011; Sahana et al., 2016; Hoff et al., 2017; Wu et al., 2019), which might have an important predictive ability for breeding values for YSS traits.

We hypothesize in this study that incorporation of WGS variants selected based on previous GWASs and variants within previously reported deleterious haplotypes might improve the reliability of genomic prediction for YSS traits. The objective of this study was therefore to investigate effects of integrating SNPs selected, based on previous studies, from imputed WGS data in the conventional 54K chip on genomic prediction of YSS traits in the Nordic Holstein cattle. Additionally, we also assessed the possibility of improving genomic prediction reliability for survival traits by considering in the prediction model the effect of SNPs located within recessive lethal haplotypes previously reported in the Nordic Holstein.



MATERIALS AND METHODS


Ethics Approval Statement

All procedures to collect the DNA samples followed the protocols approved by the National Guidelines for Animal Experimentation and the Danish Animal Experimental Ethics Committee, and hence, no specific permission was required.



Animals and Genotypes

A total of 6,558 Nordic Holstein bulls were genotyped with the Illumina Bovine SNP50 chip (54K, Illumina, Inc.). A reference population of 129,000 Holstein cows and bulls was also available for the imputation that were genotyped mostly with the EuroGenomics customized chip (Boichard et al., 2018) that included SNPs in the standard Illumina Bovine LD chip together with SNPs identified as causal mutation, functional annotation, or association with economic traits. The EuroGenomics customized chip that started with the standard LD chip (Boichard et al., 2018) is updated every year with selected variants and currently includes 70K SNPs including most of the variants in the conventional 54K chip along with additional selected SNPs. A total of 1,754 selected WGS SNPs, selected by GWAS in Denmark–Finland–Sweden dairy cattle populations (DFS_SNPs), are included in the EuroGenomics chip. The DFS_SNPs were peaks of QTL detected from imputed WGS data for 16 index traits included in the NTM index, which includes the YSS index. The selection of the DFS SNPs was undertaken within each breed according to p-values of a single-marker regression model while considering functional annotations and linkage disequilibrium between SNPs (Brøndum et al., 2015). Before the imputation, 54K genotypes were subjected to quality control using the minor allele frequency (MAF) threshold of 0.05. Bulls genotyped with 54K and the custom chips were imputed to 54K + DFS using FImpute software (Sargolzaei et al., 2014). Additionally, another set of WGS SNPs (147 SNPs) were selected from GWAS by Wu et al. (2017) for survival index (YSS_SNPs). The genotypes of these SNPs for the bulls in this study were imputed using the 1,000 bull genome data as reference and using the Minimac3 v.2.0.1 software (Das et al., 2016). The SNP-wise imputation accuracy was measured as the Pearson correlation between observed and imputed genotypes (coded as 0, 1, or 2) and the proportion of correctly imputed genotypes to all imputed genotypes (i.e., concordance). Only SNPs with both correlation and concordance higher than 0.80 were used in genomic prediction. Ultimately, 39,803 SNPs in the 54K chip, 1,541 DFS_SNPs, and 98 YSS_SNPs were kept for genomic prediction, with 22 SNPs overlapped between DFS and YSS_SNPs. The average imputation accuracy for SNPs used in genomic prediction was 0.977 for standard LD chip to 54K, 0.980 for DFS_SNPs, and 0.923 for YSS_SNPs, while concordance was 0.960 for standard LD chip to 54K, 0.962 for DFS_SNPs, and 0.955 for YSS_SNPs.

Of the 39,803 SNPs in the 54K chip used for the genomic prediction, 130 SNPs (LET_SNP) were within recessive lethal haplotypes reported by Wu et al. (2019) in the Nordic Holstein. The study of Wu et al. (2019) reported a total of 11 haplotypes of which nine were completely homozygous-deficient while two had significantly lower homozygotes observed than expected.



Phenotypes

The traits included in the analyses were four different definitions of YSS (sub-traits) and an index trait (YSS index) derived from these four sub-traits. The sub-traits were as follows:


i) Bull period 1 (BP1): Bull calf survival day in the period 1–30 days;

ii) Bull period 2 (BP2): Bull calf survival day in the period 31–183 days;

iii) Heifer period 1 (HP1): Heifer calf survival day in the period 1–30 days;

iv) Heifer period 2 (HP2): Heifer calf survival day in the period 31–458 days.



Calf death and survival during each period were recorded as 0 and 1, respectively. Calves slaughtered, exported, or with missing records were recorded as missing. The YSS index was calculated by combining the estimated breeding values (EBVs) for the sub-traits, i.e., BP1, BP2, HP1, and HP2, by the Nordic Cattle Genetic Evaluation center (NAV, Denmark), which were weighted by their relative economic values and standardized in terms of mean and standard deviation (Pedersen et al., 2015).

De-regressed proof (DRP) derived from official EBV was used as the pseudo phenotype in the genomic prediction. The official EBVs were calculated using linear models by the Nordic Cattle Genetic Evaluation center as described in NAV (Nordic Cattle Genetic Evaluation) (2017). DRPs were derived using the official EBVs based on the standard method described in Jairath et al. (1998) and implemented using the mix99 program (Strandén, 2015).

The reliability of DRP was calculated as:
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where [image: image]. The EDCi was the effective daughter contribution of ith bull, and h2 was the heritability for each trait as used in the official Nordic Cattle Genetic Evaluation (Pedersen et al., 2015). The heritability estimates and mean DRP reliability for each trait are given in Table 1, and histogram plots showing reliability distributions are presented in Figure 1.


TABLE 1. Heritability estimates and mean reliability of DRPs used in the genomic prediction of the young stock survival traits.
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FIGURE 1. Histogram plots showing distributions of the de-regressed proof (DRP) reliabilities for the different traits.




Statistical Analysis

Implemented prediction models included linear mixed model using pedigree-based best linear unbiased prediction (PBLUP)- or genomic best linear unbiased prediction (GBLUP)-based relationships. Different scenarios were investigated to study the effect of adding selected WGS SNPs and modeling recessive lethal SNPs on prediction reliability. These include:


(i) Only using 54K;

(ii) 54K plus YSS_SNPs (54K + YSS);

(iii) 54K plus DFS_SNPs (54K + DFS);

(iv) 54K plus YSS_SNPs and DFS_SNPs (54K + YSS + DFS);

(v) Reduced 54K (minus SNPs in recessive lethal haplotypes), plus YSS_SNPs and DFS_SNPS, and the model considered random regression on genotype code of LET_SNPs (54K∗ + YSS + DFS + LET).



In addition, two approaches of integrating the selected SNPs were assessed. Accordingly, one-component model pooling the selected WGS SNPs together with the 54K SNPs as one genetic component and two-component model considering 54K SNPs and selected WGS SNPs as two separate genetic components were implemented and compared for prediction accuracy.

The PBLUP model fitted was:
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where y is the vector of DRPs; 1 is the vector of ones; μ is the overall mean; a is the vector of additive genetic effects; Z is the incidence matrix relating a to phenotypes; and e is the vector of random residuals. It was assumed that [image: image] and [image: image]. The A was the additive relationship matrix constructed from the pedigree that traced genotyped animals five generations back and included a total of 16,763 animals. The D is a diagonal matrix with elements[image: image] for each bull i to account for heterogeneous residual variances due to differences in reliability of DRPs ([image: image]) calculated as in Eq. 1.

The following one-component GBLUP models were fitted:
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where g is the additive genetic effect with[image: image], where G is the genomic relationship matrix (GRM) constructed using SNPs described in the different scenarios of adding WGS SNPs (YSS, DFS, or YSS + DFS) on the conventional 54K, while the remaining terms of the model are as described in model 2.

Additionally, a one-component GBLUP model considering random regression on the genotype code of the recessive lethal SNPs was implemented:

[image: image]

where M is a matrix of genotype code (0, 1, or 2) for recessive lethal SNPs with dimension of 6,558 (number of individuals) by 130 (number of recessive lethal SNPs), b is the vector of random regression coefficients on genotype code of recessive lethal SNPs (n = 130), and g* is the random additive genetic effect based on GRM constructed using all SNPs (54K + YSS + DFS) excluding SNPs within recessive lethal haplotypes. The random regression coefficient b is assumed to be normally distributed:[image: image], where I is an identity matrix and [image: image] is the variance of the regression coefficient estimates. In addition to the one-component models, genomic breeding values were also predicted using a two-component GBLUP model that accounted for the difference between effects of the 54K SNPs and effects of selected WGS SNPs. The two-component model for the 54K and WGS data was:
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Additionally, a two-component model considering random regression on the genotype code of the recessive lethal SNPs was implemented:

[image: image]

where M and b are as described in model 4, g54K* is the additive genetic effect based on GRM constructed with 54K SNPs excluding the SNPs within recessive lethal haplotypes, gWGS is the random genetic effect based on GRM constructed WGS SNPs (either DFS or YSS GWAS SNPs, or both, depending on the considered scenario).

An additional three-component GBLUP model was run to estimate the proportion of genomic variance explained by the SNP sets, i.e., 54K, YSS_SNPs, and DFS_SNPs by extending model 5 as follows:
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The proportion of the genomic variance explained by each SNP set of the three-component GBLUP model was then computed as:
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where [image: image] was the additive genetic variance estimated based on the GRM corresponding to each SNP set (54K, DFS, and YSS), and [image: image] was the total genomic variance computed as:
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All GRMs used for the different scenarios were calculated using the first method presented by VanRaden (2008), and SNP allele frequencies for building GRMs were calculated directly from the SNP data.

All models were implemented using the DMU software (Madsen and Jensen, 2013).



Computation of Prediction Reliabilities

The studies of Wu et al. (2017, 2019) used part of the current dataset (bulls born on or before the year 2009) to detect the WGS markers for YSS and the recessive lethal haplotypes, respectively. Therefore, the validation set in the current study consisted of only bulls born after the year 2010 (n = 1,312), and the rest was used as the training population (n = 5,246).

Reliability of genomic prediction was computed as the squared correlation between estimated breeding values (GEBVs) and DRP divided by the average reliability of DRP for the bulls in the validation population. For the two-component GBLUP models, the total GEBV for each individual was computed by summing together the breeding values from the two components. Bias of prediction was measured as the regression coefficient of DRP on the estimated breeding values for the bulls in the validation population. Reliability and bias were then compared among different models.

For the model considering random regression on genotype codes of recessive lethal alleles, effects of the recessive lethal alleles from the random regression coefficients were added to the GEBVs to calculate the correlation with DRP and subsequently compute the reliability.

In addition, model fit for the different models was assessed and compared using the Akaike information criteria (AIC; Akaike, 1974).



RESULTS


Proportion of the Genetic Variance Explained by the Different Single-Nucleotide Polymorphism Sets

Figure 2 presents the percentages of total genomic variance explained by the different SNP sets, i.e., 54K SNPs, YSS_SNPs, and DFS_SNPs, in the different YSS sub-traits and the index trait. In general, at least 80% of the total genetic variance in all the traits is explained by the SNPs in the standard 54K chip. On average, the YSS_SNPs explained 6% of the genetic variation, while the DFS_SNPs explained 11%. Across the traits, the proportion of total genetic variance explained by YSS_SNPs (4.2%) and DFS_SNPs (9.5%) was lowest for BP2, which was 5% and 10.2% for YSS_SNPs and DFS_SNPs, respectively.
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FIGURE 2. Percentages of the total genetic variance explained by the different single-nucleotide polymorphism (SNP) sets (54K, YSS_SNPs, and DFS_SNPs) in the different traits.




Genomic Prediction Reliabilities and Bias

Table 2 presents genomic prediction accuracies using PBLUP and the GBLUP models that use different SNP sets. In general, across all scenarios, prediction reliability was lowest in the YSS index trait compared to the four sub-traits used to calculate the index trait. Among the sub-traits, prediction accuracies were higher for bull and heifer period 1 (BP1 and HP1) compared to the traits in period 2 (BP2 and HP2). For all the traits, the various GBLUP models resulted in higher prediction accuracies compared to the PBLUP model. An average gain in reliability of 16 percentage points was obtained using relationships derived from the 54K SNPs compared to using relationships derived from pedigree.


TABLE 2. Genomic prediction accuracies from PBLUP and GBLUP models.

[image: Table 2]
Comparison among the GBLUP models using different SNP sets in one- or two-component models indicates no or only marginal improvements in prediction accuracies compared to using only the 54K data. On average over the five traits, the improvement in prediction reliability obtained from adding the YSS_SNPs in the one-component model compared to prediction using only the 54K markers was 0.12 percentage points. Similar results were obtained when the 54K marker set was augmented with DFS_SNPs in the one-component model. Fitting both the YSS_SNP sets and DFS_SNPs together with the 54K markers in the one-component model resulted in an average gain in reliability of 0.22 percentage points compared to the prediction using only 54K markers. Additional consideration of random regression on genotype code of recessive lethal alleles in this model did not result in further improvement of prediction reliability. Among the two-component GBLUP models, addition of the YSS_SNPs resulted in an average improvement of 0.58 percentage points compared to the prediction with only 54K SNPs. Addition of the rest of SNP sets (DFS, DFS + YSS) using the two-component GBLUP resulted in slightly lower prediction reliability compared to the model using only 54K.

Table 3 presents the bias in predicting the breeding values across the different models. Regression coefficients were generally close to 1.00 across the different models. Between the different traits, regression coefficient for BP1 and HP1 were generally lower compared to BP2 and HP2 as well as the YSS index trait. For these traits (BP1 and HP1), the one-component GBLUP resulted in slightly less bias compared to the two-component GBLUP model. In addition, model fit for the different scenarios assessed with the AIC is presented in Table 4. Generally, the GBLUP models had lower AIC values compared to the PBLUP models across all the traits. Hence, the GBLUP models tend to have better fit to the data compared to the PBLUP models, which is in agreement with the overall performance of the two models in prediction accuracy. Among the different GBLUP models, the AIC values computed for the different scenarios were quite comparable.


TABLE 3. Regression coefficientsa of DRP on prediction.
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TABLE 4. Akaike information criteria (AIC) for the different models implemented.a
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DISCUSSION


Genomic Prediction Accuracies for Young Stock Survival Traits

In general, prediction accuracies for the YSS index trait and the sub-traits were low in our study across scenarios. Our findings are however, in line with reported prediction accuracies in the literature for calf and YSS traits defined in various periods. In a previous study, genomic prediction accuracies ranging between 0.15 and 0.30 were reported for maternal calf survival in different parities for the Canadian Holstein (Abo-Ismail et al., 2017).

Accurate genomic prediction of survival traits in cattle is difficult (van der Heide et al., 2020), as the traits are affected by a combination of environmental factors such as farm management as well as non-additive genetic effects such as recessive lethal gene effects (Gebreyesus et al., 2020).

Across the studied YSS traits, relatively higher prediction accuracies were observed for BP1 and HP1 compared to the YSS index trait and the other two sub-traits. Although the heritability estimates (Table 1) for all the traits studied here are among the lowest of the dairy cattle traits (Pedersen et al., 2015), heritability for BP1 and HP1 was even lower compared to the other sub-traits and the index trait. Similarly, DRP reliabilities were slightly lower for BP1 and HP1. Therefore, the slightly higher prediction reliability for BP1 and HP1 was contrary to our expectations. DRP reliability is the function of number of records used to estimate the EBVs and heritability of the traits. Across the studied traits, heritability is quite low and differences in heritability between the traits are small. Therefore, the slight differences in average DRP reliabilities between the studied traits might be due to differences in numbers of observations used to predict the EBVs of the bulls for different traits in the official Nordic cattle evaluations.



Benefits of Incorporation of Selected Variants on Genomic Prediction Reliability

In our study, integration of additional selected WGS SNPs and recessive lethal haplotypes resulted in negligible improvement in genomic prediction reliability for YSS index and the four sub-traits. Previous studies reported some gains in genomic prediction accuracies from additional variants selected from WGS data using GWAS, functional annotation, and pathway analysis, depending on the trait and population studied [e.g., Brøndum et al. (2015), van den Berg et al. (2016), Liu et al. (2019)]. Gains in genomic prediction reliability from integration of additional selected WGS SNPs partly depend on the genetic architecture of the traits and consequently the proportion of variation explained by the selected SNPs (Hayes et al., 2010). In the literature, while additional WGS SNPs improved genomic prediction accuracies for some traits, often marginal improvement is reported for others. Liu et al. (2019) for instance reported increases in prediction accuracies for milk production traits in the Danish Jersey from addition of selected WGS SNPs but lack of improvement in prediction reliability for fertility and only marginal improvement for mastitis. Brøndum et al. (2015) reported increases in prediction reliability of up to 5 percentage points for milk production traits in Nordic Holstein and Red populations, while improvement of reliability was negligible for fertility. Similar results were reported in the study of Veerkamp et al. (2016) where genomic prediction with the addition of a selected set of WGS variants for protein yield (PY), somatic cell score (SCS), and interval from first to last insemination led to negligible improvement in prediction reliability. In the current study, neither of the SNP sets, i.e., DFS_SNPs and YSS_SNPs, led to improvement in prediction reliability of the YSS traits. The DFS_SNPs explained on average 11% of the genomic variance for the studied traits compared to an average of 6% explained by the YSS_SNPs. However, the higher proportion of genomic variance explained by the DFS SNPs in contrast to the YSS SNPs could be merely due to the difference in the number of SNPs in the two sets. The DFS SNPs were selected based on relevance to multiple traits including production, disease, and calving traits. Moreover, the NTM index, which is based on several traits that include the YSS trait, was considered in the selection of the DFS SNPs (Brøndum et al., 2015). However, the main emphasis, in terms of weights, was placed on milk production traits compared to fitness traits such as fertility, mastitis, and other disease traits, as well as the NTM index. On the other hand, the YSS_SNPs reported by Wu et al. (2017) were selected based on GWAS for YSS index specifically; therefore, improvements in prediction reliability were to be expected compared to the DFS SNPs. However, the YSS_SNPs included only 98 SNPs that might make it difficult to explain a sizable proportion of the genetic variation for polygenic traits such as YSS (Wu et al., 2017).

Additionally, the effects of selected variants might be somehow underestimated in this study due to the use DRPs as response variable rather than raw phenotypes for the survival traits. This might specially be of relevant impact to the models that include the effect of recessive lethal alleles rather than those incorporating the selected WGS SNPs, as these were selected based on GWASs using DRPs as response variable (Brøndum et al., 2015; Wu et al., 2017).



One-Component vs. Two-Component Genomic Best Linear Unbiased Prediction Models

It has also been shown that the effect of integrating selected variants on the reliability of genomic prediction might depend on whether or not the effects of these variants have been weighted appropriately in the models (Raymond et al., 2018). In the traditional GBLUP model, the contribution of genetic markers to the genomic relationship is the same. In this context, Sørensen et al. (2014) suggested an extension of the GBLUP model to allow differentiation among the markers through a genomic feature BLUP (GFBLUP) approach. In GFBLUP, variants are categorized according to biological information, such as chromosomes, genes, or biological pathways, so that the random genetic effect in the GBLUP model can have more than one component. Implementation of such an approach to integrate selected variants has shown improvement in genomic prediction reliability compared to integrating them using the traditional one-component GBLUP approach. Gebreyesus et al. (2019) reported substantial increases in genomic prediction reliability in different Holstein cattle populations for milk fatty acid composition traits by incorporating selected variants through the three-component GBLUP model compared to pooling all variants in one GRM. Similar improvements using the two-component GBLUP model were reported in pigs (Sarup et al., 2016; Song et al., 2019).

Contrary to these previous findings, there was no difference in prediction reliability from integrating the selected WGS SNP sets through the two-component model compared to the one-component GBLUP in our study. Multiple-component GBLUP model involves simultaneous estimation of more parameters in addition to those estimated in a one-component model. Thus, gains from multiple-component GBLUP, vis-à-vis one-component, can only be expected if addition of information from the additional component(s) is substantial enough to offset the extra uncertainty due to more parameters to be estimated in the multiple-component analysis.



CONCLUSION

In this study, we hypothesize that incorporation of WGS variants selected based on GWAS and variants within recessive lethal haplotypes might improve the reliability of genomic prediction for YSS traits. We tested our hypothesis using one- or two-component GBLUP models. Contrary to our hypothesis, the results showed negligible improvements by incorporation of such variants in genomic prediction accuracies for the YSS index trait and the four sub-traits. The results highlight the difficulty in genetic evaluation for polygenic traits with very low heritability such as the YSS traits and the need for further studies to explore additional information including the genomic information beyond SNP variants to improve the prediction reliability for these traits.



DATA AVAILABILITY STATEMENT

The data analyzed in this study are subject to the following licenses/restrictions: Phenotypic and genomic data used in this study are property of the industry partners that contributed to the study. Requests to access these datasets should be directed to the corresponding author.



ETHICS STATEMENT

Ethical review and approval was not required for the animal study because all procedures to collect the DNA samples followed the protocols approved by the National Guidelines for Animal Experimentation and the Danish Animal Experimental Ethics Committee, and hence, no specific permission was required. Written informed consent was obtained from the owners for the participation of their animals in this study.



AUTHOR CONTRIBUTIONS

GG processed the data, implemented the analyses, and drafted the manuscript. GSu conceived the study and contributed to the discussion of the results. ML contributed to the interpretation and discussion of the results. GSa acquired funding and contributed to the discussion of the results. All authors contributed to the article and approved the submitted version.



FUNDING

This work was supported by the GUDP project “LiveCalf” (no. 34009-16-1101) from the Ministry of Environment and Food of Denmark (Copenhagen).

FOOTNOTES

1
www.nordicebv.info


REFERENCES

Abo-Ismail, M. K., Brito, L. F., Miller, S. P., Sargolzaei, M., Grossi, D. A., Moore, S. S., et al. (2017). Genome-wide association studies and genomic prediction of breeding values for calving performance and body conformation traits in Holstein cattle. Genet. Sel. Evol. 49:82. doi: 10.1186/s12711-017-0356-8

Akaike, H. (1974). A new look at the statistical model identification. IEEE Trans. Automat. Contr. 19, 716–723. doi: 10.1109/TAC.1974.1100705

Boichard, D., Boussaha, M., Capitan, A., Rocha, D., Hozé, C., Sanchez, M. P., et al. (2018). “Experience from large scale use of the Euro-Genomics custom SNP chip in cattle,” in Proceedings of the World Congress on Genetics Applied to Livestock Production, Vol, Molecular Genetics 4, Auckland, 675.

Brøndum, R. F., Su, G., Janss, L., Sahana, G., Guldbrandtsen, B., Boichard, D., et al. (2015). Quantitative trait loci markers derived from whole genome sequence data increases the reliability of genomic prediction. J. Dairy Sci. 98, 4107–4116. doi: 10.3168/jds.2014-9005

Daetwyler, H. D., Capitan, A., Pausch, H., Stothard, P., van Binsbergen, R., Brøndum, R. F., et al. (2014). Whole-genome sequencing of 234 bulls facilitates mapping of monogenic and complex traits in cattle. Nat. Genet. 46, 858–865. doi: 10.1038/ng.3034

Das, S., Forer, L., Schönherr, S., Sidore, C., Locke, A. E., Kwong, A., et al. (2016). Next-generation genotype imputation service and methods. Nat. Genet. 48, 1284–1287. doi: 10.1038/ng.3656

de Los Campos, G., Hickey, J. M., Pong-Wong, R., Daetwyler, H. D., and Calus, M. P. (2013). Whole-genome regression and prediction methods applied to plant and animal breeding. Genetics 193, 327–345. doi: 10.1534/genetics.112.143313

Fuerst-Waltl, B., and Sørensen, M. K. (2010). Genetic analysis of calf and heifer losses in Danish Holstein. J. Dairy Sci. 93, 5436–5442. doi: 10.3168/jds.2010-3227

Gebreyesus, G., Bovenhuis, H., Lund, M. S., Poulsen, N. A., Sun, D., and Buitenhuis, B. (2019). Reliability of genomic prediction for milk fatty acid composition by using a multi-population reference and incorporating GWAS results. Genet. Sel. Evol. 51:16. doi: 10.1186/s12711-019-0460-z

Gebreyesus, G., Sahana, G., Christian Sørensen, A., Lund, M. S., and Su, G. (2020). Novel approach to incorporate information about recessive lethal genes increases the accuracy of genomic prediction for mortality traits. Heredity 125, 155–166. doi: 10.1038/s41437-020-0329-5

Hansen, M., Madsen, P., Jensen, J., Pedersen, J., and Christensen, L. G. (2003). Genetic parameters of postnatal mortality in Danish Holstein calves. J. Dairy Sci. 86, 1807–1817. doi: 10.3168/jds.s0022-0302(03)73766-7

Hayes, B. J., Pryce, J., Chamberlain, A. J., Bowman, P. J., and Goddard, M. E. (2010). Genetic architecture of complex traits and accuracy of genomic prediction: coat colour, milk-fat percentage, and type in Holstein cattle as contrasting model traits. PLoS Genet. 6:e1001139. doi: 10.1371/journal.pgen.1001139

Henderson, L., Miglior, F., Sewalem, A., Kelton, D., Robinson, A., and Leslie, K. E. (2011). Estimation of genetic parameters for measures of calf survival in a population of Holstein heifer calves from a heifer-raising facility in New York State. J. Dairy Sci. 94, 461–470. doi: 10.3168/jds.2010-3243

Hoff, J. L., Decker, J. E., Schnabel, R. D., and Taylor, J. F. (2017). Candidate lethal haplotypes and causal mutations in Angus cattle. BMC Genomics 18:799. doi: 10.1186/s12864-017-4196-2

Jairath, L., Dekkers, J. C. M., Schaeffer, L. R., Liu, Z., Burnside, E. B., and Kolstad, B. (1998). Genetic evaluation for herd life in Canada. J. Dairy Sci. 81, 550–562. doi: 10.3168/jds.s0022-0302(98)75607-3

Liu, A., Lund, M. S., Boichard, D., Karaman, E., Fritz, S., Aamand, G. P., et al. (2019). Improvement of genomic prediction by integrating additional single nucleotide polymorphisms selected from imputed whole genome sequencing data. Heredity 124, 37–49. doi: 10.1038/s41437-019-0246-7

Madsen, P., and Jensen, J. (2013). A user’s Guide to DMU. Version 6, release5.2. Tjele: Aarhus University Foulum.

NAV (Nordic Cattle Genetic Evaluation) (2017). NAV Routine Genetic Evaluation of Dairy Cattle – Data and Genetic Models, 4th Edn. Available online at: http://www.nordicebv.info/wp-content/uploads/2017/03/NAV-routine-genetic-evaluation-122016_FINAL.pdf (accessed June 19, 2021).

Østerårs, O., Gjestvang, M. S., Vatn, S., and Sølverød, L. (2007). Perinatal death in production animals in the Nordic countries–incidence and costs. Acta Vet. Scand. 49:14.

Pedersen, J., Kargo, M., Fogh, A., Pösö, J., Eriksson, J. A., Nielsen, U. S., et al. (2015). Note on Economic Value of Young Stock Survival. 1–11. Available online at: http://www.nordicebv.info/wp-content/uploads/2015/10/Economic-value-of-Young-Stock-Survival.pdf (accessed Feb 17, 2020).

Raymond, B., Bouwman, A. C., Wientjes, Y. C. J., Schrooten, C., Houwing-Duistermaat, J., and Veerkamp, R. F. (2018). Genomic prediction for numerically small breeds, using models with pre-selected and differentially weighted markers. Genet. Sel. Evol. 50:49.

Sahana, G., Guldbrandtsen, B., Thomsen, B., Holm, L. E., Panitz, F., Brøndum, R. F., et al. (2014). Genome-wide association study using high-density single nucleotide polymorphism arrays and whole-genome sequences for clinical mastitis traits in dairy cattle. J. Dairy Sci. 97, 7258–7275. doi: 10.3168/jds.2014-8141

Sahana, G., Iso-Touru, T., Wu, X., Nielsen, U. S., de Koning, D. J., Lund, M. S., et al. (2016). A 0.5-Mbp deletion on bovine chromosome 23 is astrong candidate for stillbirth in Nordic Red cattle. Genet. Sel. Evol. 48:35.

Sargolzaei, M., Chesnais, J. P., and Schenkel, F. S. (2014). A new approach for efficient genotype imputation using information from relatives. BMC Genom. 15:478. doi: 10.1186/1471-2164-15-478

Sarup, P., Jensen, J., Ostersen, T., Henryon, M., and Sørensen, P. (2016). Increased prediction accuracy using a genomic feature model including prior information on quantitative trait locus regions in purebred Danish Duroc pigs. BMC Genet. 17:11. doi: 10.1186/s12863-015-0322-9

Song, H., Ye, S., Jiang, Y., Zhang, Z., Zhang, Q., and Ding, X. (2019). Using imputation-based whole-genome sequencing data to improve the accuracy of genomic prediction for combined populations in pigs. Genet. Sel. Evol. 51:58. doi: 10.1186/s12711-019-0500-8

Sørensen, P., Edwards, S. M., and Jensen, P. (2014). “Genomic feature models,” in Proceedings of the 10th World Congress on Genetics Applied to Livestock Production, Vancouver, BC.

Strandén, I. (2015). Command Language Interface for MiX99. Release VIII/2015. Jokioinen: Natural Resources Institute Finland (Luke),

van den Berg, I., Boichard, D., and Lund, M. S. (2016). Sequence variants selected from a multi-breed GWAS can improve the reliability of genomic predictions in dairy cattle. Genet. Sel. Evol. 48:83.

van der Heide, E. M. M., Veerkamp, R. F., van Pelt, M. L., Kamphuis, C., and Ducro, B. J. (2020). Predicting survival in dairy cattle by combining genomic breeding values and phenotypic information. J. Dairy Sci. 103, 556–571. doi: 10.3168/jds.2019-16626

VanRaden, P. M. (2008). Efficient methods to compute genomic predictions. J. Dairy Sci. 91, 4414–4423. doi: 10.3168/jds.2007-0980

VanRaden, P. M., Olson, K. M., Null, D. J., and Hutchison, J. L. (2011). Harmful recessive effects on fertility detected by absence of homozygous haplotypes. J. Dairy Sci. 94, 6153–6161. doi: 10.3168/jds.2011-4624

Veerkamp, R. F., Bouwman, A. C., Schrooten, C., and Calus, M. P. (2016). Genomic prediction using preselected DNA variants from a GWAS with whole-genome sequence data in Holstein-Friesian cattle. Genet. Sel. Evol. 48:95.

Wu, X., Guldbrandtsen, B., Nielsen, U. S., Lund, M. S., and Sahana, G. (2017). Association analysis for young stock survival index with imputed whole-genome sequence variants in Nordic Holstein cattle. J. Dairy Sci. 100, 6356–6370. doi: 10.3168/jds.2017-12688

Wu, X., Mesbah-Uddin, M., Guldbrandtsen, B., Lund, M. S., and Sahana, G. (2019). Haplotypes responsible for early embryonic lethality detected in Nordic Holsteins. J. Dairy Sci. 102, 11116–11123. doi: 10.3168/jds.2019-16651

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.

The handling editor declared a past co-authorship with one of the authors ML.

Copyright © 2021 Gebreyesus, Lund, Sahana and Su. 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/xhtml/Nav.xhtml




Contents





		Cover



		Reliabilities of Genomic Prediction for Young Stock Survival Traits Using 54K SNP Chip Augmented With Additional Single-Nucleotide Polymorphisms Selected From Imputed Whole-Genome Sequencing Data



		INTRODUCTION



		MATERIALS AND METHODS



		Ethics Approval Statement



		Animals and Genotypes



		Phenotypes



		Statistical Analysis



		Computation of Prediction Reliabilities







		RESULTS



		Proportion of the Genetic Variance Explained by the Different Single-Nucleotide Polymorphism Sets



		Genomic Prediction Reliabilities and Bias







		DISCUSSION



		Genomic Prediction Accuracies for Young Stock Survival Traits



		Benefits of Incorporation of Selected Variants on Genomic Prediction Reliability



		One-Component vs. Two-Component Genomic Best Linear Unbiased Prediction Models







		CONCLUSION



		DATA AVAILABILITY STATEMENT



		ETHICS STATEMENT



		AUTHOR CONTRIBUTIONS



		FUNDING



		FOOTNOTES



		REFERENCES

















OPS/images/cover.jpg
, frontiers

in Genetics

Reliabilities of Genomic Prediction
for Young Stock Survival Traits
Using 54K SNP Chip Augmented

With Additional Single-Nucleotide

Polymorphisms Selected From
Imputed Whole-Genome
Sequencing Data








OPS/images/fgene-12-667300-e008.jpg
2 = 2
Oyl = T + Thss + s ©)






OPS/images/fgene-12-667300-e007.jpg
2
o2

'SNPset;
varsnpsen; = —5—t x 100,

total





OPS/images/fgene-12-667300-e006.jpg
1+ Zgsax + Zgvss + Zgprs + €

@)





OPS/images/fgene-12-667300-e005.jpg
1+ Mb + Zgsy+ + Zgwas + )





OPS/images/fgene-12-667300-e004.jpg
®)





OPS/images/logo.jpg
’ frontiers
in Genetics





OPS/images/fgene-12-667300-e003.jpg
y=1
#+Mb+Zg* +e

)





OPS/images/fgene-12-667300-e002.jpg
y=lu+Zg+e

®)





OPS/images/fgene-12-667300-e001.jpg
y=lu+Zate

@)





OPS/images/fgene-12-667300-e000.jpg
DRPi

EDC;

T EDC+ 4

(0]





OPS/images/fgene-12-667300-i001.jpg
a~N(0,A02)





OPS/images/fgene-12-667300-i000.jpg





OPS/images/fgene-12-667300-i003.jpg





OPS/images/fgene-12-667300-g001.jpg
BP1

CS

T B

I T 1

00GL 0001 00S 0
Aouanbai4

I T T 1

00GL 0001 00S 0
Aouanbaig

0.9

0.8

0.7

0.6

0.5

0.4

0.3

1.6

0.9

0.8

0.7

0.6

0.5

0.4

HP1

BP2

0051

T
000}

Aouanbai4

00s

AT E=nnll

AT

[
oovl

I
0oclk

I I
0001 008

I
009

Aousanbaig

I
ooy

I
00¢

o -

0.9

0.8

0.7

0.6

0.5

0.4

0.3

1.0

0.9

0.8

0.7

0.6

0.5

0.4

0.3

HP2

00S1L

000}

Aouanbai4

00s

o

1.0

09

0.8

07

06

05

04

0.3





OPS/images/fgene-12-667300-i002.jpg
e~N(0,Do?)





OPS/images/fgene-12-667300-g002.jpg
% Genetic variance

100 -

80 -

40 -

20 -

% Genetic variance explained by SNPsets

BP1

BP2 HP1 HP2

Traits

H54K
EYSS SNPs

®DFS_SNPs





OPS/images/fgene-12-667300-i005.jpg
g~ N(0,Go? )





OPS/images/fgene-12-667300-i004.jpg





OPS/images/fgene-12-667300-i007.jpg





OPS/images/fgene-12-667300-i006.jpg
b~ N (0.Io})





OPS/images/fgene-12-667300-i009.jpg
Ototal





OPS/images/fgene-12-667300-i008.jpg





OPS/images/cross.jpg
3,

i





OPS/images/fgene-12-667300-t003.jpg
Trait PBLUP GBLUP one-component GBLUP two-component

54K 54K +YSS 54K+ DFS 54K + YSS + 54K* + YSS + 54K +YSS 54K+ DFS 54K+ YSS +  54K* 4 YSS +

DFS DFS + LET DFS DFS + LET
YSS Index 0.976 1.027 1.026 1.027 1.026 1.022 1.003 1.005 1.000 0.998
BP1 0.976 0.892 0.893 0.891 0.891 0.888 0.891 0.866 0.865 0.863
BP2 1.046 0.953 0.954 0.954 0.955 0.952 0.955 0.954 0.954 0.952
HP1 0.968 0.886 0.887 0.885 0.885 0.883 0.884 0.864 0.863 0.862
HP2 1.045 0.968 0.969 0.967 0.967 0.964 0.965 0.963 0.963 0.960

aStandard errors of regression coefficients across the scenarios = (0.059-0.092).
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regression on genotype code of SNPs in recessive lethal haplotypes (LET_SNPS).
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54K + YSS = Conventional 54K SNPs plus SNPs from GWAS on young stock survival (YSS_SNPs).

54K + DFS = Conventional 54K SNPs plus SNPs from GWAS on all traits in Nordic total merit index (DFS_SNPs).
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