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Introduction 
Semen production plays a central role in dairy genetic dissemination chain because it is the 

primary conduit by which elite genetics enter commercial herds (Norman et al., 2010). Cross-

contamination, through mislabelling, handling error, or inadvertent mixing of ejaculates, 

creates a mixture of genetic material that can undermine the assumed identity of a semen unit, 

complicate parentage assignment and introduce uncertainty into breeding decisions (Pimentel 

et al., 2024).  

Importantly, such cross-contamination can be difficult to detect with conventional array-based 

genotyping, as mixed-DNA samples often manifest only as subtle increases in genotype failure 

or elevated heterozygosity that fall below standard quality thresholds (Huang et al., 2014). 

Low-depth whole-genome sequencing (ldWGS) combined with haplotype-based imputation 

provides an attractive alternative for sensitive mixture detection enabling accurate recovery of 

dense genotypes from shallow coverage (Zhang et al., 2023). This creates an opportunity to 

design quality control metrics that are explicitly tuned to detect small deviations from an 

expected genomic baseline. 

In this study, we develop and evaluate a sensitive ldWGS plus imputation framework for 

detecting cross contamination in commercial bovine semen samples. We further demonstrate 

how the same ldWGS data can be used to validate the purity of sex-sorted semen via 

chromosome-specific depth ratios, providing an independent genomic check on sorting 

outcomes.  

 

Materials & Methods 
Sequencing and genotyping. As part of an ongoing production genotyping and sequencing 

workflow, genomic DNA is extracted from approximately 2 million sperm for sex-sorted 

samples or 10 million sperm for conventional samples. Sequencing libraries are prepared, 

purified, and quantified according to Illumina protocols. Libraries are pooled and sequenced 

on an Illumina NovaSeq6000, with loading concentrations adjusted to achieve a consistent 

target genome coverage of ~0.33× per sample. In parallel, as needed, samples are genotyped 

using customized Genetic Visions-ST 110K or 64K SNP arrays for comparative quality-control 

analyses. 

 

Low-depth sequence and imputation.  Paired-end FASTQ files for each sample are retrieved 

from Illumina BaseSpace. Reads passing QC are aligned to the Bos taurus ARS-UCD1.2 

reference assembly using HISAT2, which was selected for its computational efficiency and 

low memory footprint, enabling rapid processing at production scale. After removal of 

duplicates, genome-wide depth of coverage is quantified to generate windowed depth profiles 

for downstream purity estimation. We used sample BAM files as inputs in GLIMPSE2 v2.0.1 

(Rubinacci et al., 2023). The reference haplotypes were constructed with genotypes identified 

by Genome Analysis Toolkit (GATK) v4.2.6.1 from over 4k Bos taurus animals belonging to 

several cattle breeds.  
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Gender purity. Gender purity was evaluated using a sequencing depth–based approach that 

quantifies relative representation of X and Y chromosomes within each sample. Aligned 

sequencing reads are summarized as per-window depth across the genome, and windows then 

partitioned into autosomal (chr 1–29), X, and Y intervals. For each sample, the median depth 

across autosomal windows (depth_auto) and the median depths across X- and Y-chromosome 

windows (depth_X, depth_Y) are computed to provide robust central estimates of coverage. 

Depths then normalized to autosomal coverage to obtain X and Y relative coverage 

(depth_X/depth_auto and depth_Y/depth_auto), and an X-purity ration (XPR) is calculated as: 

XPR = [(depth_X/depth_auto) + (1 − depth_Y/depth_auto)]/2 × 100, where higher 

values indicate greater enrichment for X-chromosome signal and reduced Y-chromosome 

signal. 

 

Semen traceability value (STV). To quantify sire cross-contamination from imputed ldWGS 

data, we developed a genotype-based traceability metric. For each ldWGS semen sample, we 

contrasted its imputed genotypes to a non-contaminated baseline genotype profile of the target 

sire. This baseline was initially derived from four ldWGS blood samples of the target sire and 

subsequently refined by incorporating additional verified contamination-free semen samples. 

At each locus, the joint genotype pattern between the test sample and the baseline samples are 

grouped into a 3×3 contingency table (baseline genotype × test genotype). Let 𝑁22denote the 

sum of loci where both the test and the baseline genotypes are homozygous for the alternative 

allele, then P is calculated as P = N22/NTotal. Finaly STV was calculate as the inverse of P and 

rescaled using exponential transformation to reflect the accurate cross contamination values. 

Higher STV values indicate greater evidence of non-target sire genetic material (i.e., cross-

contamination). 

 

Validation trial.  Two raw ejaculates (0.5–1 mL) were obtained from two Holstein bulls. 

Ejaculate concentrations were measured and diluted to a target concentration of 18.0 × 10^6 

sperm/mL. A controlled mixing series was then prepared spanning Bull A: Bull B volumetric 

proportions for 100:0, 40:60, 20:80, 10:90, 6:94, 4:96, 2:98, 1:99 and 0:100. Each mixture level 

was produced as three independently prepared replicates (i.e., separate mixes rather than 

aliquots from a single mixture), yielding 13 mixture ratios × 3 replicates at a constant final 

concentration of 18.0 × 10^6 sperm/mL. 

 

Results 
Sensitivity of ldWGS–imputation purity metric to cross-contamination. Imputation from 

low-depth whole-genome sequencing (ldWGS) yielded dense genotype data comprising over 

32 million single-nucleotide polymorphisms (SNPs) per sample. To assess imputation 

accuracy, imputed genotypes were compared with those obtained from a medium-density 

(64K) SNP array. Using 47,376 overlapping variants that passed quality control, concordance 

between platforms, quantified as the coefficient of determination (R²) for genotype dosages, 

was 0.912, consistent with previously reported performance of low-pass WGS relative to array 

genotyping (Wasik et al., 2021; Chat et al., 2022). 

To assess the sensitivity of low-depth whole-genome sequencing (ldWGS) for detecting DNA 

cross-contamination, we conducted a controlled two-sire mixing experiment by combining 

semen from two Holstein bulls at contamination levels ranging from 0 to 40%. Across this test 

series, Semen Traceability Value (STV) increased with increasing non-target sire contribution, 

yielding clear separation between uncontaminated controls and low-level mixtures across the 

evaluated range (Table 1). Relative to the 0% control, samples containing 1% contamination 
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were already significantly different from the uncontaminated baseline. Separation increased 

progressively at higher contamination levels. 

In contrast, array genotyping applied to the same contamination series showed substantially 

lower sensitivity to cross-contamination. Genotype concordance between uncontaminated and 

test samples, calculated as the coefficient of determination (R²) from regression of genotypes 

coded as 0, 1, and 2, remained high even when contamination levels exceeded 10%. Although 

the number of successfully called SNPs declined with increasing contamination, call rates 

remained high across the tested range, illustrating the limited ability of array-based QC metrics 

to reliably identify low-level cross-contamination. As expected, observed heterozygosity 

increased with increasing contamination; however, the magnitude of this increase was modest 

and fell within the range of normal biological variation, providing insufficient resolution to 

reliably identify DNA mixtures below approximately 10% contamination (Table 1). Similar 

results were reported by Jun et al. (2012), though with higher depth that we used here. 

 

Table 1. Detection of DNA cross-contamination across a controlled mixing series using low-

depth whole-genome sequencing (ldWGS) and array genotyping. Values are summarized by 

expected contamination level. For ldWGS, mean, standard error (SE), and 95% confidence 

interval (CI) are reported for the Semen Traceability Value (STV). For array genotyping, 

genotype concordance (R²), number of successfully called SNPs (M), and observed 

heterozygosity are reported for the same pairwise genotype contrasts. 

  STV  Genotypes 

Contamination N1 Mean SE CI   R2 M Heterozygosity 

0% 6 0.6 0.080 (0.4-0.7)  1.000 111528 0.27 

1% 9 1.3 0.065 (1.2-1.4)  1.000 111453 0.27 

2% 9 2.2 0.065 (2.1-2.3)  1.000 111393 0.27 

4% 9 3.9 0.065 (3.8-4.1)  1.000 111420 0.27 

6% 9 5.6 0.065 (5.4-5.7)  1.000 110703 0.27 

10% 9 9.5 0.065 (9.3-9.6)  1.000 107871 0.28 

20% 9 20.6 0.065 (20.5-20.8)  0.989 96158 0.31 

40% 9 39.5 0.065 (39.4-39.6)   0.877 89273 0.34 
1 Number of pairwise genotype contrasts derived from three technical replicates per mixture 

level. For the 0% control, N reflects all pairwise comparisons among replicates; for 

contaminated mixtures, each replicate was contrasted against all non-contaminated replicates, 

yielding a 3 × 3 contrast structure. 

 

Validation of the sex-chromosome depth–based gender purity metric in bull samples. To 

validate the sex-chromosome depth–based gender purity calculation, we applied the method to 

genomic DNA derived from conventional (unsorted) semen samples from Holstein bulls, for 

which the expected X:Y ratio is 50:50. Using data generated through routine production testing, 

we analysed more than 1,600 conventional semen samples representing over 300 Holstein 

bulls. The distribution of estimated X:Y ratios was tightly centred on the expected value, with 

a mean of 50.6 ± 0.03%, demonstrating close agreement with the biological expectation for 

conventional semen.  

 

Discussion 
Low‑depth whole‑genome sequencing (ldWGS) is increasingly recognized as a practical 

alternative to array genotyping for large‑scale genomic applications (Rowan, 2025; Snelling, 

2020). Although the workflow we present is tailored to high‑throughput semen quality control, 

we show that ldWGS—when coupled with haplotype‑based imputation—yields accurate 
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genotypes across millions of variants, enabling sensitive, quantitative assessments of sample 

identity. In particular, we introduce a Semen Traceability Value (STV) that detects 

within‑breed cross‑contamination, even in the genetically narrow Holstein population, where 

discrimination is most challenging. Moreover, to our knowledge, this is the first time ldWGS 

has been leveraged to verify sex‑sorting outcomes in bovine semen using chromosome‑specific 

depth ratios, providing an independent genomic check on X:Y balance and batch release. 

The controlled two-sire mixes series demonstrates that the STV exhibits a clear dose–response 

relationship with increasing cross-contamination, reliably distinguishing non-target sire 

contributions as low as 1% from uncontaminated controls, despite the low per-sample 

sequencing depth. From an operational perspective, this sensitivity enables routine, 

sequencing-based validation of sire identity in commercial semen production, reducing the risk 

of undetected cross-contamination entering breeding programs.  

The sex-chromosome depth–ratio approach provides a simple, platform-agnostic framework 

for validating sex-sorting performance using ldWGS data. By normalizing X- and Y-

chromosome depth to autosomal coverage, the method yields a stable and well-calibrated 

estimate of X:Y balance, as demonstrated by the tight distribution centered near the expected 

50:50 ratio across a large set of conventional bull samples.  

An often‑overlooked advantage of ldWGS QC is that reads are additive: by merging per‑sire 

libraries produced across production cycles, we assembled thousands of higher‑depth WGS 

samples, with >1,000 sires surpassing 10×. This turns a QC cost center into a strategic 

discovery platform, supporting high‑confidence variant discovery. 

 

Conclusions 
Low‑depth whole‑genome sequencing is a precise method to predict cross-contamination by 

imputation of haplotypes, and sex chromosome sorting efficiency in semen samples. Therefore, 

it may represent a cost-efficient alternative for the industry to safeguard their expected breeding 

outcomes. 
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