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Introduction  

Structural variants (SVs) are a major source of genomic variation and contribute to phenotypic 

diversity, adaptation, and complex traits in both human and livestock populations. However, 

accurate SV detection using short-read Illumina sequencing remains challenging, particularly 

at low sequencing depth, due to limited read support, breakpoint uncertainty, and caller-specific 

heuristics, which jointly inflate false-positive rates and reduce reproducibility (He et al., 2025).  

Most SV benchmarking and filtering strategies are developed at ~30× coverage, which is often 

impractical for large population and livestock studies that typically rely on ~10× sequencing. 

This gap limits the applicability of existing methods to real-world datasets. Although 

combining multiple callers can improve precision, it assumes that all caller intersections 

contribute equally. In practice, caller combinations vary widely in performance, and 

indiscriminate consensus filtering can remove true variants or retain systematic artifacts, 

particularly in low-coverage data. 

In this context, our objective was to develop and evaluate a data-driven SV filtering strategy in 

low-depth (~10×) Illumina sequencing. Using the Genome in a Bottle Consortium (GIAB) 

HG002 benchmark (Zook et al., 2020) and extensive subsampling, we quantified the precision 

and recall contribution of individual mutually exclusive caller intersection groups and 

selectively excluded those that degrade call quality. We further evaluated the generalizability 

of this approach in a livestock context by applying the same filtering strategy to whole-genome 

sequences from Nellore cattle and assessing SV quality through overlap with high-frequency 

copy-number variation regions (CNVRs). Together, these analyses demonstrated that selective 

caller-intersection filtering improves SV precision while preserving recall, providing a practical 

solution for SV discovery in low-coverage and non-model genome studies. 
 

Materials & Methods  
HG002 dataset processing and SV discovery. A 90× subset of the 300× Illumina paired-end 

GIAB HG002 dataset was used for methodological validation. The GIAB benchmark is a 

widely accepted benchmark that integrates parental information, multiple sequencing 

technologies, and diverse SV calling approaches (Zook et al., 2020). Reads were aligned to 

GRCh37 using Parabricks (O’Connell et al., 2023) fq2bam (BWA-MEM), retaining soft-

clipped reads. One hundred independent ~10× subsamples were generated using SAMtools 

v1.22.1 (Danecek et al. 2021) view.SV calling was performed on each subsample using 

CNVnator v0.4.1 (Abyzov et al., 2011), CUE v0.2.0 (Popic et al., 2023), DELLY v1.5.0 

(Rausch et al., 2012), GRIDSS v2.13.2 (Cameron et al., 2021), LUMPY v0.2.13 (Layer et al., 

2014), and Manta v1.6.0 (Chen et al., 2016). SVs were filtered by size (50 bp–200 kb), merged 

using the Truvari v5.3.0 (English et al., 2022) collapse function, and benchmarked against 

HG002 Tier 1 v0.6 regions using Truvari bench. 

 

Caller intersection filtering. SVs were grouped by mutually exclusive caller intersections. For 

each subsample, the marginal precision contribution for each group was estimated using the 
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GIAB benchmark (Zook et al., 2020). All groups with positive precision impact were retained. 

Filtered and unfiltered datasets were compared for SV size profile (χ² test), frequency, and 

reproducibility across subsamples (Wilcoxon paired tests). 
 

Nellore dataset and CNVR comparison. Whole-genome sequences from 25 Nellore sires 

(Illumina HiSeq 2500) were processed using the same pipeline, aligned to ARS-UCD1.2. In 

the absence of a formal truth for the Nellore dataset, CNVRs were used to evaluate the 

generalization of the filtering strategy. The 25 sires were parents of 765 Nellore steers 

genotyped with the Illumina 700K HD array. CNVRs were defined as described by da Silva et 

al. (2022); 737 CNVRs with populational frequencies >1% were retained, as recurrent CNV 

signals are less likely to arise from random technical artifacts and more likely to reflect shared 

genomic variants (de Oliveira et al., 2024).  

Caller-intersection groups filtered in the HG002 dataset were also retained in the Nellore SVs. 

Filtered and unfiltered sets were compared by CNVR overlap, SV size profile (χ² test), size 

distribution, and population frequency (Wilcoxon paired test). 
 

Results  

Assessment of mutually exclusive caller intersection groups showed that only 13 of the 63 

possible caller combinations contributed positively to precision (Figure 1B). Unfiltered and 

filtered SV call sets (retaining only SVs from 13 groups with positive precision impact) from 

the GIAB benchmark are summarized in Table 1. Average frequency of SVs, which is the 

percentage of subsamples where a specific SV was found, considerably increased from 29.7% 

in the unfiltered data to 41.8% after filtering (paired Wilcoxon test, p < 0.001). Size distribution 

analyses revealed significant differences for deletions and duplications (χ² test, adjusted p < 

0.001), whereas insertions showed no significant change. However, size shifts were uniformly 

distributed across SV classes (Wilcoxon test, p > 0.05) (Figure 2A). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Contribution of caller intersection groups to SV detection and precision. (A) Mean 

per-sample proportion of true and false positive SVs across mutually exclusive caller groups; 

numbers indicate average SVs per sample. (B) Change in precision after removing each group. 
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Figure 2. Size-dependent distribution and precision of structural variants before and after 

filtering. (A) GIAB benchmark: proportional SV size distributions (solid lines) and precision 

(dashed lines) across length bins. (B) Nellore cattle dataset: proportional size distribution of 

SVs overlapping CNVRs, normalized by the total number of SVs per set. 
 

Table 1. Effect of SV group filtering on structural variant discovery across GIAB subsamples. 

 ¹ True positive SV; ² Precision; ³ Recall; * statistically significant differences between unfiltered and filtered 

results based on a Wilcoxon paired test (p < 0.001). 

 

 
Figure 3. Figure 3. CNVR–SV overlap distribution in Nellore samples. Bars show the mean 

proportion (± SD) of CNVRs per sample overlapped by 1, 2–5, or >5 SVs. Wilcoxon paired 

test (*** p < 0.001). 
 

Application of the same filtering strategy to the 25 Nellore sire genomes yielded consistent 

results. Initially, 2,250,738 SVs were detected (mean per sample = 172,917 per sire; SD = 

126,500), which decreased to 69,476 after filtering (mean per sample = 3,955; SD = 8,632). 

Comparison with 737 high-frequency CNVRs showed a substantial improvement in overlap 

structure: CNVRs overlapping a single SV increased from 33.3% to 71.5%, while those 

overlapping more than five SVs dropped from 26.4% to 1.5% (Figure 3). SV size distributions 

differed significantly for all SV types between unfiltered and filtered datasets (χ² test, adjusted 

p < 0.001; Figure 2B), with a consistent shift toward smaller and intermediate-sized variants 

(Wilcoxon paired test, p < 0.001). Finally, filtered SVs exhibited significantly higher population 

frequencies than unfiltered SVs, both for CNVRs overlapping a single SV (11.6% vs. 5.7%) 

and for those overlapping two to five SVs (4.6% vs. 3.1%). 
 

Discussion  

This study demonstrates that SV discovery from low-coverage (~10×) Illumina paired-end 

sequencing can be substantially improved using a selective mutually exclusive caller 

intersection-based filtering strategy. Instead of assuming that caller concordance is uniformly 

beneficial, we explicitly model the contribution of each caller-intersection group and exclude 

those associated with low precision (Figure 1). 

  Total Total SD TP¹ TP SD P² (%) R³ (%) f1 score  

All subsamples 
Unfiltered  12,987 - 6,623 - 50.9 22.6% 31.3 

Filtered  7,589 - 6,293 - 82.9 21.5% 34.1 

Per subsample 
Unfiltered  3,858.3* 27.1 3,292.9* 28.5 90.8 11.2% 19.9 

Filtered 3,183* 22.8 3,040* 28.5 97.2 10.4% 18.7 
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The impact of this strategy is evident in both benchmark and population-scale analyses. In the 

truth set, filtering increased mean precision across all and per subsamples without unnecessary 

losses in recall. When applied to Nellore genomes, filtering substantially altered SV–CNVR 

overlap patterns, increasing the proportion of CNVRs supported by a single SV while reducing 

those associated with multiple overlapping SVs (Figure 3). One explanation to this pattern could 

be the preferential removal of large SV calls, which are known to be overrepresented in short-

read datasets and to exhibit higher breakpoint uncertainty at low coverage (He et al., 2025). 

This interpretation is further supported by the observed differences in SV size distributions 

between filtered and unfiltered datasets (Figure 2B), as well as by results from the unfiltered 

truth set, where deletion precision decreases with increasing SV size (Figure 2A). Large SVs 

are inherently more difficult to resolve with short-read sequencing due to alignment ambiguity 

and reduced effective read support, leading to inflated false-positive rates (He et al., 2025). 

After filtering, precision for large SVs improved, a trend that appears to extend to the Nellore 

data and is consistent with previous SV benchmarking studies reporting strong size-dependent 

accuracy effects (He et al., 2025). 

Finally, filtered SVs showed significantly higher population frequencies in Nellore cattle, 

mirroring patterns observed in the HG002 subsamples. Variants recurrent across individuals 

are more likely to represent true polymorphisms rather than sample-specific artifacts, 

reinforcing the interpretation that the filtering strategy preferentially retains reproducible and 

biologically relevant SVs (de Oliveira et al., 2024). Together, these findings position selective 

caller-intersection filtering as a practical and transferable approach that extends established SV 

discovery principles to low-coverage and non-model genome contexts. 
 

Conclusions  

Selective caller-intersection filtering improves SV precision in low-coverage (~10×) Illumina 

data while preserving recall. Although validated in both human and Nellore genomes, we 

acknowledge that SV distribution and diversity may differ between species, and a filtering 

strategy optimized on human benchmarks may not be perfectly optimal for cattle. In the absence 

of a bovine truth set, our results using CNVR overlap and population frequency provide strong 

evidence of improved call quality. 
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