
Assessment of linkage disequilibrium patterns
between structural variants and single nucleotide
polymorphisms in three commercial chicken
populations
Johannes Geibel  (  johannes.geibel@uni-goettingen.de )

University of Goettingen
Nora Paulina Praefke 

University of Goettingen
Steffen Weigend 

Friedrich-Loe�er-Institut
Henner Simianer 

University of Goettingen
Christian Reimer 

University of Goettingen

Research Article

Keywords: Chickens, single nucleotide polymorphisms, structural variants, linkage disequilibrium

Posted Date: August 31st, 2021

DOI: https://doi.org/10.21203/rs.3.rs-861830/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

Version of Record: A version of this preprint was published at BMC Genomics on March 9th, 2022. See
the published version at https://doi.org/10.1186/s12864-022-08418-7.

https://doi.org/10.21203/rs.3.rs-861830/v1
mailto:johannes.geibel@uni-goettingen.de
https://doi.org/10.21203/rs.3.rs-861830/v1
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1186/s12864-022-08418-7


1 

 

Assessment of linkage disequilibrium pat-1 

terns between structural variants and sin-2 

gle nucleotide polymorphisms in three 3 

commercial chicken populations 4 

 5 

Johannes Geibel12*, Nora Paulina Praefke12, Steffen Weigend23, Henner Simianer12, Christian Reimer12 6 

 7 

1 Animal Breeding and Genetics Group, Department of Animal Sciences, University of Goettingen, GER-8 

MANY 9 

2 Center for Integrated Breeding Research, University of Goettingen, GERMANY 10 

3 Institute of Farm Animal Genetics, Friedrich-Loeffler-Institut, GERMANY 11 

* Corresponding author; johannes.geibel@uni-goettingen.de 12 

13 

mailto:johannes.geibel@uni-goettingen.de


2 

 

Abstract 14 

Background 15 

Structural variants (SV) are causative for some prominent phenotypic traits of livestock as different 16 

comb types in chickens or color patterns in pigs. Their effects on production traits are also increasingly 17 

studied. Nevertheless, accurately calling SV remains challenging. It is therefore of interest, whether 18 

close-by single nucleotide polymorphisms (SNPs) are in strong linkage disequilibrium (LD) with SVs and 19 

can serve as markers. Literature comes to different conclusions on whether SVs are in LD to SNPs on 20 

the same level as SNPs to other SNPs. The present study aimed to generate a precise SV callset from 21 

whole-genome short-read sequencing (WGS) data for three commercial chicken populations and to 22 

evaluate LD patterns between the called SV and surrounding SNPs. 23 

Results 24 

The final callset consisted of 12,294,329 bivariate SNPs, 4,301 deletions (DEL), 224 duplications (DUP), 25 

218 inversions (INV) and 117 translocation breakpoints (BND). While average LD between DELs and 26 

SNPs was at the same level as between SNPs and SNPs, LD between other SVs and SNPs was strongly 27 

reduced (DUP: 40 %, INV: 27 %, BND: 19 % of between-SNP LD). A main factor for the reduced LD was 28 

the presence of local minor allele frequency differences, which accounted for 50 % of the difference 29 

between SNP – SNP and DUP – SNP LD. This was potentially accompanied by lower genotyping accu-30 

racies for DUP, INV and BND compared with SNPs and DELs. An evaluation of the presence of tag SNPs 31 

(SNP in highest LD to the variant of interest) further revealed DELs to be slightly less tagged by WGS 32 

SNPs than WGS SNPs by other SNPs. This difference, however, was no longer present when reducing 33 

the pool of potential tag SNPs to SNPs located on four different chicken genotyping arrays. 34 

Conclusions 35 

The results imply that genomic variance due to DELs in the chicken populations studied can be cap-36 

tured by different SNP marker sets as good as variance from WGS SNPs, whereas separate SV calling 37 

might be advisable for DUP, INV, and BND effects. 38 
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Background 41 

A type of genomic variation that affects large regions of the genome is caused by structural variants 42 

(SV). SVs can alter the total genome size by deleting (deletions, DEL), duplicating (duplications, DUP) 43 

or inserting (insertions, INS) longer stretches of DNA (unbalanced SV). Those SVs are often referred to 44 

as copy number variations (CNV). In contrast, inversions (INV) and translocations (TRA) do not affect 45 

the length of the genome (balanced SV) [1]. Especially unbalanced SVs are assumed to come with a 46 

strong functional impact on the phenotype, e.g. by strong deleterious effects of DELs which can remove 47 

complete genes [2] or by DUPs that increase numbers of cis-regulatory elements [2, 3]. SVs and com-48 

plex combinations of multiple SVs are also known to be causative for some of the most prominent 49 

phenotypic breed characteristics of livestock breeds as walnut- and rose comb in chickens [4] or belted 50 

color patterns and dominant-white color in pigs [5]. 51 

 The power for detection of SVs of certain types and sizes, however, is highly technology-dependent in 52 

various aspects [1]. During the last two decades, technologies evolved that increased the resolution 53 

and accuracy of SV detection at the submicroscopic level. Array-based comparative genomic hybridi-54 

zation (aCGH) allowed the detection of long CNVs >35 kb [2]. The development and increased use of 55 

microarrays led to technologies that either detect DELs from characteristics of population-level single 56 

nucleotide polymorphism (SNP) genotypes [6, 7] or utilized signal intensity information [8]. The in-57 

creasing availability of short-read sequences during the last decade led to the development of multiple 58 

SV detection algorithms which use read depth distributions [1, 9] and/or information from split reads 59 

and insert size distributions of paired-end reads, potentially combined with local assembly procedures 60 

[1, 10–12]. However, short-read-based methods still come with a variety of limitations due to the short 61 

read sizes which highly vary between the algorithms [1, 13] and especially a general deficit in calling 62 

INS [14]. Therefore, current state-of-the-art methods nowadays utilize the information of PacBio or 63 
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Nanopore long-read sequencing or linked-read technologies as HI-C [15], but the availability of these 64 

types of sequencing data is still very limited for the majority of intensively researched livestock species.  65 

Other than for SVs, the use of SNPs has become routine over the last two decades. Therefore, large 66 

whole-genome-sequencing (WGS) reference panels [16, 17] and collections of individuals, which were 67 

genotyped by microarrays and phenotyped in routine breeding programs or during large-scale re-68 

search projects [18], exist. Given the complexity of SV detection, it is of interest to know which part of 69 

the effects of SVs on the phenotype is already captured by potential linkage disequilibrium (LD) be-70 

tween the SV of interest and nearby SNPs. Strong LD would allow for the inclusion of those effects in 71 

e.g. genomic prediction without the need for a separate SV analysis. 72 

LD between two variants can be measured using a variety of estimators (reviewed e.g. in [19]), of which 73 

the squared correlation of haplotypes (𝑟𝑟2) is probably the most prominent one. It can be interpreted 74 

as the amount of information of a variant that is captured by another one. However, its upper limit is 75 

defined by the difference in minor allele frequency (ΔMAF) between the two variants [20]. The overall 76 

strength of LD is highly population depended and closely linked to the effective population size [19]. 77 

LD thereby shows a characteristic decay pattern of mean LD by distance. However, for many applica-78 

tions as genome-wide association studies (GWAS), the interest is more in the maximum observed LD 79 

of a causal variant to a close-by so-called tag SNP, which can capture the effect as a marker genotype. 80 

By now, a bunch of studies has addressed the question of linkage between SVs and surrounding SNPs 81 

in humans with contrasting results. Generally, common DELs were shown to be in good LD to SNPs by 82 

most of the studies [6, 21–24], but some found this LD to be weaker than SNP – SNP LD [25, 26]. Liter-83 

ature additionally suggests, that rare DELs are weaker tagged (tag SNP is SNP with highest LD to the 84 

variant within a defined distance) than common DELs [22, 27] and DUP were in weaker LD to SNPs than 85 

DELs [22, 26, 28]. It was additionally shown that the availability of tag SNPs for SVs depends on the SNP 86 

panel used (WGS vs. different arrays) [22–24]. A further effect that was found is the location of the SV 87 

on the genome. Regions of segmental duplications are known to trigger recurrent SV formation by 88 
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non-allelic homologous recombination and therefore lead to SV hotspots [1, 29]. A closer look at those 89 

regions by Locke et al. [30] found very few of those CNV to be tagged by surrounding SNPs. 90 

Reduced LD between SNPs and SVs can have diverse reasons. A main factor is the increased possibility 91 

of the occurrence of recurrent mutations in regions of low sequence complexity by non-allelic homol-92 

ogous recombination (NAHR)[29]. SVs from recurrent mutational events then show reduced LD to var-93 

iants from a unique mutational event [6, 30].  LD between SNPs and SVs may further be decreased by 94 

different selectional properties of SNPs and SV [31], MAF differences between SVs and SNPs [20], or 95 

ascertainment of SNPs for arrays that excludes regions of high structural complexity due to technical 96 

reasons [32]. Additionally, known problems with SV calling accuracy [1] may lead to a high share of 97 

false-positive SV calls and therefore on average low LD to more accurately called SNPs. 98 

For livestock, results on SV – SNP LD are very rare, even though a high number of publications targets 99 

SV. Based on a GWAS on 26,362 Holstein dairy cattle 50 k genotypes, Xu et al. [33] found a quarter of 100 

CNVs that were significantly associated with milk traits not being tagged by adjacent SNPs. The same 101 

was observed by Lee et al. [32] who investigated functional and population genetic features of CNV 102 

regions in two dairy cattle breeds, also called from a 50 k SNP array. They identified a weak linkage 103 

between CNV regions and SNPs, which was slightly stronger between DELs and SNPs than between 104 

DUPs and SNPs. Wang et al. [34] included a local LD analysis around CNVs (called from SNP arrays) that 105 

were significantly associated with production traits in pigs. Four out of eight significantly associated 106 

CNVs overlapped haploblocks of non-significant SNPs, but only one CNV was found 300 kb downstream 107 

of significantly associated SNPs. Note that this, however, may also be an artifact of a much stronger 108 

correction for multiple testing in SNPs than in CNV. 109 

In chickens, a variety of studies investigated CNVs on a quantitative basis. The studies either used aCGH 110 

[35–39], utilized signal information of SNP arrays [40–45] via PennCNV [8], or read depth information 111 

of short-read sequences [46–50]. There were only three studies that also included non-CNV SVs [46, 112 

50, 51]. None of the studies analyzed the LD patterns of the variants. 113 
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Aim of the study 114 

This is the first study that assessed SV – SNP LD in chickens to investigate the usefulness of SNP markers 115 

in capturing SV-based genomic variance. We, therefore, identified SVs from paired-end short-read se-116 

quences in three commercial chicken populations (white layers, brown layers, broilers), thoroughly 117 

described the SV callset, and assessed the strength of LD between those SVs and SNPs. We also iden-118 

tified major reasons for some existing differences to SNP – SNP LD and evaluated the performance of 119 

four available SNP arrays to tag SVs. 120 

Results 121 

Calling results and description of variants 122 

For the study, paired-end short-read sequences of 90 chickens from three populations (25 commercial 123 

white layers, WL; 25 commercial brown layers, BL; 40 commercial broiler chickens, BR) were used. The 124 

raw data was first published by Qanbari et al. [52] which contains a more detailed description of the 125 

studied populations. SNP genotypes were retrieved from a previous study [53]. SVs were called by a 126 

consensus calling approach, which used three paired-end and split-read-based tools, followed by a 127 

strict filtering procedure that further utilized read-depth and SNP information. Finally, the remaining 128 

SV calls were visually checked by evaluating samplots [54] for each variant, the merged SNP and SV set 129 

was phased, and missing genotypes were imputed. The filtering procedure retained 12,294,329 biva-130 

riate SNPs, 4,301 DELs, 224 DUPs, 218 INVs, and 117 translocation breakpoints (break ends; BND) on 131 

chromosomes 1 - 33. Note that all INS were filtered out due to missing support by at least two variant 132 

callers. 133 

Figure 1 A shows the length distribution of the called SVs. DELs were on average shortest with a median 134 

of 443 bp and a maximum of 67,037 bp. DUPs (median = 12,285 bp; maximum = 778,041 bp) were 135 

larger than DELs and INVs were largest (median = 25,643 bp; maximum = 5,795,187 bp). BNDs only 136 

indicate translocation breakpoints and, therefore, do not come with length information. The called 137 

SNPs in total accounted for 1.28 % of the autosomal reference genome length, while DELs covered 138 
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0.35 %, DUPs 0.39 %, and INVs 2.80 % of the chicken genome. The distributions by individuals can be 139 

found in Figure 1 B. We additionally checked how much of the autosomal reference genome is homo-140 

zygously deleted in the chickens. This number varied from 0.045 % (135 kb) to 0.076 % (727 kb) with 141 

BL showing a larger size of homozygously deleted reference genome than WL and BR (Figure 1 C). 142 

 143 

Figure 1: Length distribution of SVs (A), percent of affected autosomal reference genome by individual 144 

and variation type (B), and percent of homozygously deleted reference genome by individuals (C). The 145 

size in B is calculated as the average between the haplotypes of an individual affected by the non-146 

reference allele. Note the log-scaled y-axis in A. Per-breed bars in the histograms are stacked on each 147 

other. 148 

 149 

We further checked for chromosome-wise differences in the number of called variants by regressing 150 

the relative number of called variants per chromosome on the relative chromosome length (Figure S 151 

3). SNPs did not show any difference to the line of identity (slope = 1.00, p = 1.00), while DELs (slope = 152 

1.28, p = 1.4e-4) and INVs (slope = 1.39, p = 6.1e-9) showed a significant bias towards larger chromo-153 

somes. DUPs (slope = 1.13, p = 0.34) and BNDs (slope = 1.14, p = 0.17) also showed a numerical bias 154 

towards larger chromosomes, which, however, was not significant. Note that the R² value of the model 155 

was comparably small with 0.39. 156 
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Distributions of minor allele frequencies (MAF; Figure 2) revealed a slight (DEL) to strong (DUP) shift 157 

towards rare variants compared with SNPs for DELs and DUPs, while INVs and BNDs showed a slight 158 

shift towards more common variants. 159 

 160 

 161 

Figure 2: Distribution of minor allele frequency (MAF) across all samples by variant type. 162 

 163 

Variant effect predictions of Ensembl-vep [55] classified 98.48 % of the impacts of SNPs on genes as 164 

MODIFIER, 1.14 % as LOW, 0.37 as MODERATE and only 0.01 % as HIGH. DEL impacts were classified 165 

only in 0.41 % of the cases other than MODIFIER (MODERATE = 0.01 %; HIGH = 0.40 %), while DUP 166 

impacts were classified as HIGH in 9.95 % of the cases (MODIFIER = 90.05 %). In contrast, INV and BND 167 

impacts were completely classified as MODIFIER. Further results of VEP are summarized in Figure S 4. 168 

 169 

LD decay 170 

To assess the information content of SNPs on SVs, we calculated the LD between SVs and all bivariate 171 

SNPs up to 100 kb apart from the breakpoints as squared haplotype correlation (𝑟𝑟2). Note, that SNPs 172 
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that were located on SVs were excluded from the analysis, as their calls may be directly influenced by 173 

the SV. To get a baseline for comparisons, we also calculated the SNP – SNP LD within this distance. 174 

Mean SNP – SNP 𝑟𝑟2 was highest in WL (0.51 within 500 bp), followed by BL (0.41) and BR (0.26). The 175 

DEL – SNP LD decay curve follows closely the pattern of the SNP – SNP LD decay (Figure 3). Even though 176 

the level of LD was strongly reduced for the other variant types, a slight decay curve with increasing 177 

distance was still noticeable. Due to the small number of called DUPs in WL, the decay curve strongly 178 

fluctuated in this population. However, BR and BL gave some evidence that the DUP – SNP and INV – 179 

SNP decay curves were comparable, while BND – SNP decay came with a slightly lower level of LD. 180 

 181 

Figure 3: LD decay in the broiler (BR), brown layer (BL) and white layer (WL) chickens. The LD is pre-182 

sented as mean 𝑟𝑟2 in 500 bp distance bins and the shaded areas represent Bonferroni-corrected 95 % 183 

bootstrap confidence intervals. For SNP – SNP distance bins with > 1M 𝑟𝑟2 values, no confidence inter-184 

vals were estimated. 185 

 186 
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To quantify the difference in LD between variants and populations and account for the population-187 

specific level of LD, we expressed the mean LD in the 500 bp bins relative to the SNP – SNP LD and 188 

further averaged those values for the first 10 bins (Table 1). This revealed comparable values within 189 

variants and across populations of less than 12 % difference. Across all populations, DEL – SNP LD was 190 

on the same level as SNP – SNP LD, while DUP – SNP LD was ~40 %, INV – SNP ~27 % and BND – SNP 191 

~19 % of SNP – SNP LD within 5 kb distance. Note that the relative 𝑟𝑟2 was not necessarily constant 192 

across the complete range of 100 kb (Figure S 5).  193 

 194 

Table 1: SV – SNP 𝑟𝑟2/𝑟𝑟𝑆𝑆2 relative to the SNP – SNP 𝑟𝑟2/𝑟𝑟𝑆𝑆2 195 

Type 
 All  BR  BL  WL 

 𝑟𝑟2* 𝑟𝑟𝑆𝑆2** Δ***  𝑟𝑟2* 𝑟𝑟𝑆𝑆2** Δ***  𝑟𝑟2* 𝑟𝑟𝑆𝑆2** Δ***  𝑟𝑟2* 𝑟𝑟𝑆𝑆2* Δ*** 

DEL – SNP  100.1 
± 6.1 

98.8 
± 4.3 

-1.3  95.4 
± 4.1 

94.2 
± 2.5 

-1.2  107.0 
± 3.2 

103.2 
± 1.2 

-3.8  98.1 
± 3.4 

98.8 
± 2.5 

0.7 

DUP – SNP  39.9 
± 6.8 

68.2 
± 8.9 

28.3  39.5 
± 5.8 

66.7 
± 4.3 

27.2  41.1 
± 7.0 

65.6 
± 9.9 

24.5  39.1 
± 8.1 

72.3 
± 10.5 

33.2 

INV – SNP  26.8 
± 5.2 

46.0 
± 4.3 

19.2  32.6 
± 2.4 

46.8 
± 1.7 

14.2  26.0 
± 2.4 

50.1 
± 3.4 

24.1  21.6 
± 3.1 

50.1 
± 6.2 

28.5 

BND – SNP  18.5 
± 3.6 

46.9 
± 5.4 

28.4  22.4 
± 2.3 

50.4 
± 3.7 

28.0  18.0 
± 1.9 

44.6 
± 5.1 

26.6  15.3 
± 2.0 

45.5 
± 5.7 

30.3 

* Means of the first ten 500 bp bins relative to the SNP – SNP 𝑟𝑟2 [%] ± standard deviations [%] 196 
** Means of the first ten 500 bp bins relative to the SNP – SNP 𝑟𝑟𝑆𝑆2 [%] ± standard deviations [%] 197 
*** Difference between relative 𝑟𝑟2 and relative 𝑟𝑟𝑆𝑆2 198 

 199 

 200 

Effect of allele frequency 201 

Figure 2 revealed differences in the MAF spectra of the variant types. We therefore further evaluated 202 

local MAF differences (ΔMAF) within-population by comparing ΔMAF for the SNP – SNP and SV – SNP 203 

pairs within 5 kb distance. This revealed elevated ΔMAF for DUP – SNP, INV – SNP, and BND – SNP pairs 204 

compared to SNP – SNP and DEL – SNP pairs in BL and WL (Figure S 7, Figure S 8), but not in BR (Figure 205 

S 6). As the upper bound of 𝑟𝑟2 directly depends on ΔMAF  [20], we investigated which part of the 206 
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observed differences in the LD decay curves is due to the observed allele frequency differences. For 207 

this, we used the standardized squared correlation coefficient (𝑟𝑟𝑆𝑆2), which expresses 𝑟𝑟2 as the propor-208 

tion of the maximum possible 𝑟𝑟2 given ΔMAF of the two variants [20] and thereby excludes effects of 209 

different allele frequencies on 𝑟𝑟2. Mean 𝑟𝑟𝑆𝑆2 values (Figure S 1) were generally higher than mean 𝑟𝑟2  210 

values (Figure 3) due to the removal of the allele-frequency-dependent component. While the 𝑟𝑟𝑆𝑆2 val-211 

ues of DEL – SNP relative to the SNP – SNP values (Table 1) were on a comparable level of > 94 % as 212 

the relative 𝑟𝑟2 values (-3.8 % to +0.7 %), the relative 𝑟𝑟𝑆𝑆2 values of DUPs, INVs and BNDs were between 213 

14 % and 33 % higher than the according relative 𝑟𝑟2 values. The relative 𝑟𝑟𝑆𝑆2 values for the complete 214 

range of 100 kb are shown in Figure S 9. 215 

Absence of homozygous SV genotypes 216 

During the investigation of the reasons for the lower level of LD between non-DEL SVs and SNPs, we 217 

realized a strong absence of homozygous calls for DUPs, INVs, and BNDs, but not for DEL (exemplarily 218 

demonstrated for BR in Figure 4 A). To check whether this deviation is due to small variant allele fre-219 

quencies, we calculated the deviation to Hardy-Weinberg-Equilibrium (HWE) and tested those for sig-220 

nificance, using a Haldane Exact test under usage of the R package HardyWeinberg 1.7.2 [56] (exem-221 

plarily shown for BR in Figure 4 B). Homozygous DEL calls deviated into positive as well as into negative 222 

direction from the HWE. Homozygous calls for the other SV classes instead nearly exclusively deviated 223 

into a negative direction for all populations and only negative deviations were significant. 224 
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 225 

Figure 4: Percentage of individuals carrying SV genotype (A) and deviations of homozygous variant 226 

genotypes from the Hardy-Weinberg-Expectation (B) in the broiler population for each called SV. Devi-227 

ations from HWE were tested by a Haldane Exact test under usage of the R package HardyWeinberg 228 

1.7.2 [56]. Bonferroni correction of the p values was applied within SV class. Homref – homozygous for 229 

the reference allele; het – heterozygous; homvar – homozygous for the variant allele; n.s. – not signifi-230 

cant. Comparable figures for WL and BL can be found in Figure S 11 and Figure S 12. 231 

 232 

We tried to tackle the effect of this problem by correlating the 0/1/2 coded SNP genotypes with a 233 

coverage-dependent measure of copy number for DELs and DUPs, the Duphold Flanking Fold Change 234 

(DHFFC) [57]. However, as the DHFFC was also used for filtering, the results of this are potentially con-235 

founded and are only part of the supplementary material (Supplementary File 1). 236 

 237 

Taggability 238 

Theoretically, one SNP in strong LD to the variant of interest would be enough to serve as a marker 239 

that (partly) captures the effect of the variant for, e.g., GWAS or genomic selection as tag SNP. We, 240 

therefore, investigated the presence of potential tag SNPs close to the variants of interest. The used 241 

measure is the maximum observed 𝑟𝑟2 between a variant of interest and a pool of potential tag SNPs 242 

within a certain distance (𝑟𝑟𝑡𝑡𝑡𝑡𝑡𝑡 
2 ). Nearly all variants in all variant classes came with at least one variable 243 

SNP within proximity of 10 kb (Figure S 14). Mean 𝑟𝑟𝑡𝑡𝑡𝑡𝑡𝑡 
2  for all variants and populations showed an 244 
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asymptotic trend with identifying the best tag SNP within 10 kb for most of the variants in all three 245 

populations (Figure 5). Only mean 𝑟𝑟𝑡𝑡𝑡𝑡𝑡𝑡 
2 of DUPs in BR was continuously growing until 100 kb distance 246 

(Figure 5). Mean 𝑟𝑟𝑡𝑡𝑡𝑡𝑡𝑡 
2  for SNPs only reached ~0.9 within 100 kb in all three populations, meaning that 247 

some SNPs were not in full phase to any other SNP. Mean 𝑟𝑟𝑡𝑡𝑡𝑡𝑡𝑡 
2  was slightly reduced for DELs and 248 

strongly for DUPs, INVs and BNDs compared to SNPs (Figure 5).  249 

  250 

 251 

Figure 5: Mean taggability for broiler (BR), brown layer (BL), and white layer (WL) chickens. Taggability 252 

(𝑟𝑟𝑡𝑡𝑡𝑡𝑡𝑡2 ) was calculated as the maximum 𝑟𝑟2 value up to a certain distance from the variant of interest. 253 

Means across variants are presented as lines while the shaded area represents the Bonferroni-corrected 254 

95 % bootstrap confidence intervals. 255 

 256 

We additionally defined a variant as tagged if 𝑟𝑟𝑡𝑡𝑡𝑡𝑡𝑡 
2 > 0.75 and evaluated shares of accordingly tagged 257 

variants. While more than 85 % of the SNPs were tagged in BR within 10 kb, this number was slightly 258 



14 

 

smaller for DELs (>75 %). More than 25 % of the DUPs were tagged within 10 kb distance and 50 % 259 

within 100 kb, while less than 15 % of INVs and BNDs were tagged. The tendency is the same in the 260 

two layer populations, but the absolute numbers slightly deviate. As a maximum value of a sample is 261 

not independent of the number of sampled values, we also checked the number of present potential 262 

tag SNPs within 5 kb distance to the variant of interest. Interestingly, SNPs were surrounded by signif-263 

icantly more close variable SNPs on average than SVs in all three populations (Table 2). This difference 264 

was still present when regarding only tag SNPs (𝑟𝑟 2 > 0.75). 265 

 266 

Table 2: Median number of variable SNPs within 5 kb distance to variants of interest 267 

Variant 
 BR  BL  WL 

 All 𝑟𝑟2 ≥ 0.75  all 𝑟𝑟2 ≥ 0.75  all 𝑟𝑟2 ≥ 0.75 

SNP  140 a 7 a  85 a 5 a  73 a 9 a 

DEL  70 d 5 b  41 c 4 b  38 c 6 b 

DUP  78 cd 4 b  48 bc 3 ab  31 c 4 ab 

INV  90 c 3 b  49 bc 5 ab  42 bc 11 ab 

BND  119 b 6 ab  59 b 1 ab  61 b 1 ab 

Different lowercase letters within columns account for significantly different medians at the signifi-268 

cance level of 0.05 (Bonferroni-corrected pairwise Wilcoxon rank-sum test) 269 

 270 

In practice, the interest of researchers and breeding companies may not be the taggability of SVs by 271 

WGS SNPs, but by array SNPs. Those come with a different allele frequency spectrum and lower reso-272 

lution than WGS SNPs, which influences the LD patterns [19]. However, they are often available for a 273 

huge number of phenotyped individuals due to their use in routine breeding programs. We, therefore, 274 

evaluated the potential performance of four publically available chicken genotyping arrays with reso-275 

lutions of 600 k [58], 60 k [59], 55 k [60], and 10 k [61]. 276 

The availability of variable SNPs close to the variants of interest was strongly dependent on the reso-277 

lution of the arrays. While the 600 k array had a variable array SNP within 15 kb for more than 90 % of 278 
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the variants in all three populations, the 60 k and the 55 k array came with a slight shift of this depend-279 

ency of having a variable array SNP for > 80 % of the variants at 50 kb and > 90 % at 100 kb (Figure S 280 

16). The 10 k array, however, contained no variable array SNP for 50 % of the variants within 100 kb. 281 

A non-random difference in SNP density by variant type is not present for any array. The reduced den-282 

sity compared to WGS also reduced the taggability. Mean 𝑟𝑟𝑡𝑡𝑡𝑡𝑡𝑡 
2  values for SNPs and DELs reached be-283 

tween 0.06 for BR and the 10 k array and 0.65 for WL and the 600 k array within 100 kb distance (Figure 284 

S 15). Interestingly, DELs seem to be slightly stronger tagged than SNPs in BL and WL (Figure S 15), 285 

while the other variant types were tagged by maximally 50 % of the level which was reached in SNPs 286 

and DELs. The results are comparable when checking the proportion of variants with 𝑟𝑟𝑡𝑡𝑡𝑡𝑡𝑡 
2 > 0.75 (Figure 287 

S 17). 40 % of the WGS SNPs and even 45 % of DELs were tagged with more than 𝑟𝑟𝑡𝑡𝑡𝑡𝑡𝑡 
2 > 0.75 by a SNP 288 

of the 600 k array in WL. In contrast, less than 1 % of SNPs and DELs were tagged by a SNP of the 10k 289 

array in BR. 290 

Discussion 291 

Implications from the SV calling pipeline 292 

The SV calling approach was intended to return highly accurate variant calls, therefore prioritizing pre-293 

cision over sensitivity. This especially required the exclusion of regions with unusually high coverage, 294 

as they may be artefacts of inaccurate read mapping in regions of low sequence complexity [62]. As 295 

those regions are known to be hot spots for SV formation by non-allelic homologous recombination 296 

(NAHR) [28–30, 63], we expect to have missed a significant proportion of SVs, especially multi-copy 297 

DUP. Further, there was a missing overlap between DELLY and MANTA at INS calling, resulting in no 298 

INS calls. A generally weak power in INS calling from short reads is expected, though [14]. Those two 299 

problems highlight the need for long-read sequencing data for future studies, which should allow for 300 

improved resolution of complex regions and comes with improved abilities for INS calling [1, 15]. The 301 

limitations of the calling approach and the resulting characteristics of the callset need to be considered 302 
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when comparing our results to SV callsets that were derived by different approaches and therefore 303 

probably capturing SVs with different properties. 304 

We further identified a lack of homozygous calls of DUPs, INVs, and BNDs with regard to HWE (Figure 305 

4, Figure S 11, Figure S 12). One possible reason may be a deleterious load and therefore purifying 306 

selection on those variants. While literature highlights the deleterious potential of DELs, INVs, and 307 

BNDs [2, 64], DUPs are rather considered positive by increasing gene expression [2, 3]. In our case, 308 

DELs rather show a slight excess of homozygotes than an expected lack under purifying selection (Fig-309 

ure 4, Figure S 11, Figure S 12). The lack of homozygous calls was instead present for DUPs, INVs, and 310 

BNDs. Additionally, VEP impact predictions classified 99.6 % of the DEL impacts as MODIFIER and only 311 

0.4 % as HIGH, while DUP impacts were classified as HIGH in 10 % of the cases. The discrepancy with 312 

literature for DELs may partly be due to past inbreeding in the populations [52, 65], which resulted in 313 

small effective population sizes [66] and therefore may have purged strongly deleterious DELs [67, 68]. 314 

Purging of deleterious DELs may, together with limitations of the used SV callers, also be a reason for 315 

the relatively short sizes of the called DELs. Nevertheless, as none of the INVs and BNDs had predicted 316 

impacts besides MODIFIER, a second reason seems to be more likely: There may be deficits of the 317 

genotypers in accurately distinguishing between heterozygous and homozygous calls of DUPs, INVs, 318 

and BNDs.  319 

LD decay results 320 

The overall levels of SNP – SNP LD within the populations reflect the knowledge from the literature 321 

[19, 66] and the different levels of variability (BR > BL > WL) [52, 69]. This resulted in WL having the 322 

strongest overall level of LD and BR the weakest. Besides that and if not especially indicated differently, 323 

results were the same for all three populations throughout the following sections.  324 

The DEL – SNP LD, all in all, was on the same level as SNP – SNP LD. This implies good predictability of 325 

DEL effects by SNP call sets and is in accordance with the majority of the existing studies [6, 21–24]. 326 

Studies that found DEL – SNP LD to be on a reduced level compared to SNP – SNP LD mostly performed 327 
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the DEL calling from SNP arrays, which implies low breakpoint resolution [32]. It is also common to 328 

merge CNV to copy number variable regions (CNVR) in SNP array or read-depth-based studies [32]. 329 

Therefore, a CNVR can reflect multiple mutation events and not only a single variant, resulting in re-330 

duced LD to bivariate SNPs, an effect we do not expect to be present in our data due to the more 331 

precise variant definition. 332 

The level of DUP – SNP LD was strongly reduced compared to SNP – SNP LD and DEL – SNP LD, which 333 

is in accordance with the existing studies [22, 26, 28, 32]. However, levels of ~40 % of the SNP – SNP 334 

LD (Table 1) were higher than what was found e.g. by Lee et al. [32], who found DUP – SNP LD to be 335 

~20 % of SNP – SNP LD in two dairy cattle populations. A main factor of DUP – SNP LD being reduced 336 

compared to SNP – SNP LD may be due to the lower allele frequencies of DUP in our callset (Figure 2) 337 

and therefore increased local ΔMAF (Figure S 7, Figure S 8) in BL and WL. Removing the ΔMAF depend-338 

ent part of LD by expressing LD as 𝑟𝑟𝑆𝑆2 increased the relative 𝑟𝑟2 of 30 % to a relative 𝑟𝑟𝑆𝑆2 of 68 % of the 339 

SNP – SNP 𝑟𝑟𝑆𝑆2 (+28 %,Table 1). This means that local differences in the allele frequency spectra between 340 

SNPs and DUP account for ~50 % of the difference between SNP – SNP LD and DUP – SNP LD 341 

A second cause for reduced DUP – SNP LD could be a higher rate of genotyping errors in DUP. In fact, 342 

we identified a significant reduction of homozygous DUP calls compared to HWE (Figure 4, Figure S 11, 343 

Figure S 12) as already discussed above. The potential genotyping inaccuracy may additionally be sup-344 

ported by the, admittedly subjective, observation of the two assessors during the visual filtering step 345 

that DUP came with less clear support than DEL. This, however, resulted only in a moderately reduced 346 

inter-observer reliability of 94 % in DUP compared to 97 % in DEL (Supplementary file 3). 347 

A further possibility of reduced DUP – SNP LD may be the occurrence of multi-copy CNVs (mCNVs) [28, 348 

30] in our callset. DUP in the callset may partly represent CNVs that occur with different copy numbers 349 

and are therefore multi- instead of bivariate variants. This reduces the linkage to bivariate SNPs. We 350 

saw slight support for the occurrence of some mCNV in the callset e.g. by some high DHFFC values. 351 
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However, mCNVs are known to cluster in special regions of the genome [28] due to non-allelic homol-352 

ogous recombination (NAHR) as a formation mechanism [29, 70]. Note that NAHR can also occur re-353 

currently [29], resulting in variants that are called bivariate but stem from multiple mutation events. 354 

As those clusters should result in high-coverage regions, which we removed in the filtering step, we do 355 

not expect a higher number of mCNV and recurrent mutations in our callset. 356 

We also evaluated the linkage between SNPs and INV/ BND and found low levels of LD (26.8 % and 357 

18.5 % of SNP – SNP LD). The reduced LD in our study is again partly due to local allele frequency 358 

differences (Figure S 6 - Figure S 8) as for DUP. Relative 𝑟𝑟𝑠𝑠2 values were therefore 14 % to 30 % higher 359 

than relative 𝑟𝑟2 values (Table 1). However, 𝑟𝑟𝑠𝑠2 values for INV – SNP and BND – SNP were still only ~50 % 360 

of SNP – SNP 𝑟𝑟𝑠𝑠2. The remaining gap may partly be due to genotyping problems. We identified the lack 361 

of homozygous calls for INVs and BNDs (Figure 4, Figure S 11, Figure S 12) as for DUPs. In combination 362 

with the missing ability to use coverage information for filtering, we would trust the INV and BND 363 

genotypes least in our callset. In contrast to our results, Sudmant et al. [28] found INV to be in good 364 

LD to SNPs in a very accurate callset from 2,504 human genomes, which further supports that the 365 

accuracy of INV calls was low in our study.  366 

Taggability 367 

The analysis of taggability revealed comparable patterns as the LD decay. A high fraction of SNPs and 368 

DEL was tagged by close-by WGS SNPs in all three populations (Figure 5; Figure S 14), while only a small 369 

fraction of DUPs, INVs, and BNDs was tagged. However, in contrast to the decay patterns, SNPs on 370 

average were tagged slightly stronger than DEL, and between 5 % and 10 % more SNPs were tagged 371 

with 𝑟𝑟𝑡𝑡𝑡𝑡𝑡𝑡2  > 0.75 than DEL. A reason for the higher taggability of SNPs compared to DEL, while the LD 372 

decay does not differ, may be the reduced SNP density around DELs (Table 2), as the chance for higher 373 

maximum values increases with the number of SNPs in the region of interest. In contrast, DELs were 374 

tagged slightly better by array SNPs than WGS SNPs by array SNPs. In the case of array SNPs, no locally 375 

increased density was present, as array design aims at an equidistant spacing of markers across the 376 

genome [58]. This resulted in no difference between the taggability of SNPs and DELs by array SNPs. 377 



19 

 

Potential issues of excluding SNPs in complex regions during array design as suggested by Lee et al. 378 

[32] as a reason for reduced CNV – SNP  LD, were not observed in this study, as we excluded SVs in 379 

those regions due to a minor calling accuracy. Using array SNPs to tag the WGS variants further re-380 

vealed a strong need for dense marker maps to provide good tag SNPs, as only the 600 k array could 381 

provide tag SNPs with 𝑟𝑟𝑡𝑡𝑡𝑡𝑡𝑡2  > 0.75 for more than 25 % of SNPs and DEL. This may largely explain why 382 

e.g. Xu et al. [33] found a quarter of CNVs that were significantly associated with milk traits in Holstein 383 

cattle to be not tagged by SNPs of a 50 k array. It suggests that this is not solely due to the nature of 384 

CNV but that they also missed a comparable fraction of effects, which are caused by SNPs. 385 

The concept of taggability is especially relevant for GWAS, where phenotype-marker associations are 386 

tested for each marker separately. The strength of the LD between marker and causal variant then 387 

directly influences the power of the GWAS. However, the absence of single tag SNPs does not imply 388 

that the effect of an SV cannot be captured by a longer haplotype. Methods that utilize effects of 389 

multiple SNP at once (e.g. ridge regression best linear unbiased prediction [71]), of which each can 390 

explain a slightly different fraction of the variance of the causal variant, may be more robust in this 391 

sense. Additionally, imputation of known SVs would probably be a way to overcome the issue of low 392 

taggability and needs further investigation. 393 

Conclusions 394 

We evaluated LD patterns between a comprehensive SV callset and surrounding SNPs in three com-395 

mercial chicken populations. We found DEL – SNP LD to be on the same level as SNP – SNP LD, while 396 

DUP – SNP, INV – SNP, and BND – SNP LD were strongly reduced. This was in accordance with the 397 

availability of tag SNPs for a high share of SNPs and DELs, while tag SNPs for DUPs were rare and mostly 398 

missing for INVs and BNDs. Different arrays came with a density-dependent ability to tag WGS SNPs 399 

and SVs but did not show strong systematic differences compared with taggability by WGS SNPs. The 400 

main reason for existing differences in SNP – SNP and DUP/INV/BND – SNP LD in our study was due to 401 

local MAF differences. Those accounted for ~50 % of this difference in the strength of LD. This implies 402 
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that genomic variance due to DELs in the chicken populations studied can be captured by different SNP 403 

marker sets as good as variance from WGS SNPs, whereas separate SV calling might be advisable for 404 

DUP, INV, and BND effects. 405 

Material and Methods 406 

Data  407 

The study used WGS data of 25 white layers, 25 brown layers, and 40 broiler chickens. The raw data 408 

was first published by Qanbari et al. [52], which contains more information about the samples. Chick-409 

ens were paired-end sequenced with a median coverage between 5 X and 17 X, read length of 100 bp 410 

(WL + BL) or 126 bp (BR), and insert sizes of ~400 bp. Basic quality statistics can be found in Supple-411 

mentary file 2 as MultiQC report [72]. 412 

Population integrity was controlled using principal component analysis in plink 1.9 [73]. The SNPs were 413 

first LD pruned by setting the --indep-pairwise flag to sliding windows of 50 kb, a stepsize of five SNPs 414 

and an 𝑟𝑟2 of 0.5. Based on the pruned SNPs, plink extracted then 90 prime components. Results for 415 

the first four prime components and the variance explained can be found in Figure S 18. The first two 416 

prime components, which in total accounted for 33.2 % of the total variance, clearly separated broilers, 417 

white- and brown layers. The two broiler subpopulations were only slightly separated by the second 418 

prime component and clearly by the third, which accounted for 4.5 % of the total variance. The fourth 419 

component started splitting one of the broiler populations. We assumed this to be sufficiently closely 420 

related to consider the two broiler subpopulations as a combined population for further analyses. 421 

Variant Calling Pipeline 422 

Alignment on the reference genome galGal6/ GRGC6a and SNP calling were conducted in a previous 423 

study [53] following GATK best practices pipeline [74]. The SNPs needed for this study were then ex-424 

tracted from the old callset using bcftools [75] and the duplicate-marked and base quality score recal-425 

ibrated BAM files were used as starting point for the SV calling process. 426 



21 

 

SV calling was conducted following a consensus calling approach. SVs were first separately called per 427 

individual and then genotyped on population-level by running Delly 0.8.5 [10], Manta 1.6.0 [12], and a 428 

combination of Lumpy 0.2.13 [11] and Svtyper 0.7.0 [76] in parallel on the complete set. The genotyp-429 

ing results of the three calling pipelines were then merged using SURVIVOR 1.0.7 [77] and allowing for 430 

breakpoint differences of 1000 bp. This resulted in 95,478 raw SV calls. 431 

Additionally, read depth profiles for all samples in 100 bp windows were generated using Mosdepth 432 

0.2.9 [78] and SVs were annotated with Dupholds (version 0.2.1) [57] flanking fold change (DHFFC) and 433 

the SNP genotype calls located on the SV. 434 

The merged callset was then filtered based on the following parameters: 435 

1) Caller overlap: At least two of the three callers needed to support the variant. 436 

2) Genotype concordance: The genotype that was supported by two out of the three callers was 437 

considered as the consensus genotype. Genotypes without the necessary support were set to 438 

missing for later re-imputation. If more than two samples did not have the necessary genotype 439 

concordance support for an SV, the complete SV was removed from the data set. 440 

3) Removal of high coverage regions: Local coverage was extracted by Mosdepth 0.2.9 [78] in 100 441 

bp windows. If windows exceeded a threshold of twice the average coverage across all samples 442 

(expected value for a fixed DUP) plus two standard deviations, they were classified as unusu-443 

ally highly covered. Unusually highly covered regions were further merged if they were less 444 

than 1000 bp apart from each other. SVs with breakpoint confidence intervals falling in such a 445 

region were removed from the data set. 446 

4) Difference to flanking coverage: DELs and DUPs calls were checked for non-consistent cover-447 

age changes relative to the flanking coverage by evaluating the Duphold Flanking Fold Change 448 

(DHFFC) [57]. DELs were considered as wrong genotypes when heterozygotes were not be-449 

tween 0.1 and 0.9 and homozygous DEL genotypes not smaller than 0.25. Heterozygous DUPs 450 

had to be >1.1 and homozygous DUPs >1.5. DELs/DUPs with more than one error or more than 451 
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10 % wrong genotypes were filtered. Otherwise, the putatively wrong DEL/DUP genotypes 452 

were set to missing for later re-imputation. 453 

5) Support by SNP calls on DELs: SNP calls need to be homozygous on heterozygous DELs and 454 

missing on homozygous DELs. We, therefore, calculated for each DEL genotype the relative 455 

number of wrong SNP genotypes (e.g. one error by five total SNPs on the DEL = 0.1). If the sum 456 

of those error rates across samples exceeded two or 50 % of the number of samples that were 457 

at least heterozygous for the DEL, the DEL was filtered. Otherwise, the putatively wrong DEL 458 

genotypes were set to missing for later re-imputation.    459 

This resulted in 5,600 SVs (4,831 DELs; 253 DUPs; 346 INVs; 170 BNDs; 94.1 % filtered). No INS re-460 

mained, as Lumpy does not call INS and there was no overlap between Delly and Manta. Samplot 1.0.19 461 

[54] was then used to generate quality control plots for each SV that passed the previous filtering step. 462 

The quality plots were visually screened by two separate observers comparable to the workflow im-463 

plemented in SV-plaudit [79], but implemented locally by using image-sorter2 464 

(https://github.com/Nestak2/image-sorter2). The SVs needed to be scored as ‘pass’ by each of the two 465 

observers to be further used (Supplementary file 3). By this, a further 6.9 % of the SVs (3.5 % of DEL, 466 

11.1 % of DUP, 36.0 % of INV, and 30.8 % of BND) were removed. The removed SVs were mainly in 467 

regions with complex mapping patterns. 468 

The final SV callset (4,301 DEL, 224 DUP, 218 INV, 117 BND) was then merged with the SNP callset 469 

(12,294,329 bivariate autosomal SNPs). The samples were phased and missing genotypes were im-470 

puted by beagle 5.0 [80] with default settings besides reducing ‘ne’ to 10,000 [81]. Functional conse-471 

quences were annotated by ensembl-vep [55] using the release 100 GRGC6a annotation files. 472 

Estimation of LD 473 

LD between two loci with a maximum distance of 100kb was initially estimated from phased haplo-474 

types as follows: 475 

https://github.com/Nestak2/image-sorter2
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𝑟𝑟𝐴𝐴𝐴𝐴2 =
(𝑝𝑝𝐴𝐴𝐴𝐴 − 𝑝𝑝𝐴𝐴𝑝𝑝𝐴𝐴)2𝑝𝑝𝐴𝐴𝑝𝑝𝐴𝐴(1− 𝑝𝑝𝐴𝐴)(1− 𝑝𝑝𝐴𝐴)

 476 

Where 𝑝𝑝𝐴𝐴 and 𝑝𝑝𝐴𝐴 account for the alternative allele frequencies at the two loci and 𝑝𝑝𝐴𝐴𝐴𝐴 for the accord-477 

ing haplotype frequency. To control for allele frequency deviations that influence the maximum possi-478 

ble 𝑟𝑟2, we further scaled 𝑟𝑟2 by the maximum possible 𝑟𝑟2 given Δ𝑀𝑀𝑀𝑀𝑀𝑀 (𝑟𝑟𝑆𝑆2 = 𝑟𝑟2/𝑟𝑟max |Δ𝑀𝑀𝐴𝐴𝑀𝑀2 ) where 479 𝑟𝑟max |Δ𝑀𝑀𝐴𝐴𝑀𝑀2  was derived as described by VanLiere and Rosenberg [20]. As we realized a problem with 480 

calling of homozygous DUP, we additionally estimated LD as squared Pearson Correlation between 481 

0/1/2 coded SNP genotypes and the Duphold Flanking Fold Change (DHFFC) [57] as a measure for the 482 

relative reference genome coverage at DEL and DUP (due to possible confounding only part of Supple-483 

mentary file 1). LD decay was then summarized in means of 500 bp bins between the variants.  484 

Bonferroni corrected bootstrap confidence intervals for the LD decay were estimated by resampling 485 

the 𝑟𝑟2 values within each bin 100,000 times with replacement. As tests showed confidence intervals 486 

for SNP - SNP LD being < 0.001 due to the huge number of underlying values, we decided to skip esti-487 

mation of confidence intervals for bins with > 1M 𝑟𝑟2 values. 488 

A tag SNP was defined as the SNP with the highest 𝑟𝑟2 to the variant of interest within a certain distance 489 

(𝑟𝑟𝑡𝑡𝑡𝑡𝑡𝑡2 ). The taggability of variant classes was then investigated by comparing means of 𝑟𝑟𝑡𝑡𝑡𝑡𝑡𝑡2  and shares 490 

of variants with 𝑟𝑟𝑡𝑡𝑡𝑡𝑡𝑡2 > 0.75. Additionally to the taggability by WGS SNPs, we compared the taggability 491 

by SNPs of four commercially available SNP arrays. The 600 k Affymetrix Axiom chicken genotyping 492 

array [58], a 60 k Illumina Bead Chip [59], a 55 k Affymetrix genotyping array [60], and the IMAGE_001 493 

multispecies array, which contains 10 k chicken-specific SNPs on an Affymetrix genotyping array [61]. 494 

The annotation files were lifted over to the reference genome galGal6/GRGC6a by the UCSC [82] lift-495 

Over tool under usage of the according chain files and the overlaps with the variable WGS SNPs were 496 

defined as pools of potential Array tag SNPs. 497 
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Workflow 498 

The complete pipeline was set up in snakemake 5.3.0 [83] and the according scripts including the 499 

snakefile with all used parameters as well as the dependency analytics graph (DAG) and the rulegraph 500 

of the pipeline can be found in the supplementary material (Supplementary file 4). 501 
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