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Introduction 

With the advancement of sequence data it has become achievable to study genome wide 

structural variation in depth. Although structural variants (SVs) are still difficult to identify 

and to genotype with high confidence, they are of interest because their size (>50bp) could 

potentially disrupt genes and gene-regulation sites (Conrad et al., 2010; Scott et al., 2021). 

To study the impact of genome wide SVs on quantitative traits relevant in animal breeding 

large cohorts need to be genotyped for SVs. Sequencing large cohorts at high depth is  costly, 

hence imputation of SVs is a potential cost effective alternative. Several studies have imputed 

SVs based on a reference population of sequenced individuals in cohorts genotyped with SNP 

arrays (Chen et al., 2021; Mesbah-Uddin et al., 2019). Low-pass sequencing is an emerging 

alternative to SNP array genotyping, leading to high quality genotype calls for SNPs on 

common arrays (Nosková et al., 2021; Wolc et al., 2022). Here, we present an approach to 

impute SVs in a turkey (Meleagris gallopavo) population using low-pass sequencing data, 

leveraging a high-coverage whole-genome sequencing (WGS) reference panel.   

 

Materials & Methods 

Our study included 120 whole genome sequenced (WGS) (mean coverage 18x) and 1,500 

low-pass sequenced (mean coverage 1.5x) turkeys of the same purebred line. The individuals 

with WGS data were key ancestors of the current breeding population. The individuals with 

low-pass sequence data were from more recent generations and thus descendants from the 

key ancestors. The low pass data included 140 parent-offspring pairs.  

 

Linkage Disequilibrium. We first investigated linkage disequilibrium (LD) between SVs 

and SNPs in the WGS reference panel. We first merged the SNP and InDels VCF and SV 

VCF using bcftools merge. Next, PLINK was used to estimate the LD between each SV and 

SNP within 2,000 kb distance. 

 

Imputation strategy. Using SVtyper we genotyped the SVs from the WGS panel in the low 

pass dataset. We calculated genotype likelihoods (GLs) for SNPs using bcftools and for SVs 

(DEL, DUP, INV) using SVTyper. The genotype likelihoods for SNPs and SVs were 

subsequently merged and used as input to impute genotypes of the lowpass dataset using the 

WGS dataset as a reference population with GLIMPSE2 (Rubinacci et al., 2022).  

 

Validation. To validate the imputation strategy we down sampled 5 WGS samples to 1.5x to 

mimic low-pass sequence data and imputed these samples using the same workflow as 

described above to validate the imputation strategy, but excluding them from the reference 

population. Genotype concordance at sample level was calculated using GLIMPSE2 by 

calculating the error rate.  

https://creativecommons.org/licenses/by/4.0/
mailto:aniek.bouwman@wur.nl


2 

 

Overall data quality of SNPs called from the array and low-pass dataset and of different SV 

types was assessed through the 140 parent-offspring pairs. First, relationships based on each 

variant class were estimated on a whole-genome level using a genomic relationship matrix 

(VanRaden, 2008; method 1) with population-wide allele frequencies, expecting a 

relationship around 0.5 based on the pedigree relations. Second, correlation coefficients 

between the parent and offspring genotypes for a given variant type were computed to assess 

per variant quality and inheritance pattern. 

 

Table 1. Number of variants detected by smoove, Manta, and remaining after combining both 

sets and filtering in WGS reference population per variant type class. 

Variant type smoove Manta Combined and filtered 

Deletions 10,266 17,704 13,337 

Duplications 2,588 4,639 3,357 

Insertions na 7,648 3,464 

Inversions 1,727 4,063 4,011 

Breakpoints 1,032 14,965 10,105 

Total 15,613 49,055 34,274 

 

Results & Discussion 

From the WGS panel, we identified over 6,333,436 SNPs and indels and called 49,055 SVs 

using Manta (Chen et al., 2016) and 15,613 using smoove (Pedersen et al., 2020), see Table 

1. After merging and filtering a high-confidence dataset of 34,274 SVs was left, with 

deletions being most common structural variant type. We Focussed further analysis on SNPs, 

InDels, deletions, duplications, and inversions. 

 

A 
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Figure 1. Linkage Disequilibrium between deletions (top row; A and B) or duplications 

(bottom row; C and D) and WGS (left; A and C) or array SNPs (right; B and D).  
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Linkage Disequilibrium. Deletions exhibited the highest LD with nearby SNPs, with ~70% 

of deletions in strong LD (r²>0.8; Fig. 1A), while duplications (Fig. 1C) and also inversions 

showed less SNP in strong LD (~40%). Interestingly, LD was not strongly dependent on 

minor allele frequency, indicating that even rare variants can be tagged by SNPs (results not 

shown). Limited duplications were in high LD with SNPs from the 60k array (Fig. 1D), while 

about half of the deletions were well represented by the SNP array (Fig. 1B). This suggests 

that especially duplications, but also deletions, could explain additional phenotypic variation 

currently not captured by SNP arrays. 

 

Validation. Five WGS samples were down-sampled to 1.5x and imputed using the same 

workflow to validate the imputation strategy. Concordance rates between imputed and 

original genotypes were high across the following three variant types: SNPs, InDels, 

deletions, but somewhat lower for inversions, and duplications (Table 2).  

 

Table 2. Concordance between imputed and actual genotype per variant type class across 5 

samples down sampled to 1.5x for imputation. 

Variant type Concordance 

 mean range 

SNPs 98.58 98.40–98.85 

InDels 96.25 95.88–96.75 

Deletions 92.81 92.41–93.19 

Duplications 81.47 80.53–82.71 

Inversions 87.23 86.09–89.55 

 

 

 

 
Figure 2. Distribution of the correlation between parent and offspring per-variant genotypes, 

depending on variant type for array SNPs (A), deletions (B), duplications (C), and inversions 

(D). 

 

The genomic relationship matrix constructed from array and low-pass SNPs yielded an 

average parent-offspring genomic relationship coefficient of 0.50 and 0.46, respectively, as 

expected for parent-offspring pairs. In contrast, when using SVs, the average relationship 
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coefficient decreased to 0.27. When only individual SV types were used, average relationship 

coefficients of 0.34, 0.17, and 0.10 (sd 0.03-0.04) were obtained for deletions, duplications, 

and inversions, respectively, indicating comparatively high overall quality for deletions.  

Looking at the per-variant correlation between parent and offspring genotypes, we found that 

they centred around 0.5 for SNPs as expected (Fig. 2A). However, substantial proportion of 

SVs exhibited markedly lower correlations, suggesting reduced data quality or potential non-

Mendelian inheritance patterns. Specifically, 43% of deletions (Fig. 2B), 79% of duplications 

(Fig. 2C), and 86% of inversions (Fig. 2D) had correlations below 0.3, compared with only 

0.6% of array SNPs. No major differences were observed across variant frequencies or 

genomic regions, indicating that this correlation-based metric is an effective quality measure 

even for rare variants. 

 

Conclusions 

Our results demonstrate that low-pass sequencing combined with genotype likelihood-based 

imputation using GLIMPSE2 is a powerful and accurate approach for genotyping structural 

variants at large scale. This strategy achieves particularly high accuracy for deletions, while 

yielding moderate accuracy for duplications and inversions, which was also reflected in 

correlations between genotypes of parent-offspring pairs. The latter classes exhibit low 

linkage disequilibrium with WGS-derived SNPs, suggesting that these variant classes are 

inherently more challenging to call and impute accurately. The resulting high-density 

imputed variant dataset represents a valuable resource for downstream applications. 
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