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Introduction

Genomic selection (GS) improves genetic gain in cattle breeding by predicting breeding values
using genome-wide markers (Meuwissen et al., 2001). Preimplantation embryo genomic selection
(eGS) enables genomic evaluation of embryos prior to implantation. eGS allows selection among
multiple sibling embryos, increasing selection intensity and accelerating genetic gain (Humblot et
al., 2010). However, accurate genomic analysis is limited by the DNA content from embryo
biopsies, requiring reliable whole-genome amplification (WGA) for low-input samples (Raz et al.,
2022).

The two most widely used WGA methods are multiple displacement amplification (MDA) and
multiple annealing and looping-based amplification cycles (MALBAC) (Dean et al., 2002; Zong
et al., 2012). Both are widely used in human preimplantation genetic testing (Hu ez al., 2023), but
their performance in bovine systems remains underexplored. MDA has been applied in bovine
embryo WGA (Oliveira et al., 2023), whereas MALBAC has not been fully evaluated in bovine
cells.

Genotyping accuracy depends on the platform. SNP-array offers standardized genotyping but is
limited to predefined markers (Fujii et al., 2019), whereas whole-genome sequencing (WGS)
provides comprehensive data at a higher cost (Janssen et al., 2024). Genotyping by target
sequencing (GBTS) is a cost-effective alternative with high call rates and flexible markers
(Mamanova et al., 2010), though its suitability for bovine eGS is unclear. We evaluated the effects
of initial cell number, WGA method, and genotyping platform in bovine cells, validating the
optimized workflow in bovine embryos to support cost-effective eGS.

Materials & Methods

Cell isolation and embryo sample collection. The bovine mammary epithelial (MAC-T) cells
were cultured under standard conditions, and low-input samples (3, 6, or 9 cells) were manually
isolated. Bulk cells were used for gDNA extraction. For validation, trophectoderm biopsies (6—8
cells) were obtained from 20 in vitro—produced Holstein blastocysts, along with 13
developmentally arrested embryos. All samples were stored at —20 °C until analysis.

Genomic DNA extraction and WGA. Genomic DNA was extracted from bulk MAC-T cells.
Low-input MAC-T and embryo samples were amplified using standard WGA kits based on MDA
and MALBAC methods. Amplified DNA was purified and assessed prior to downstream analyses.

Genome-wide genotyping. Genome-wide genotyping was performed using SNP-array, GBTS,
and WGS. SNP-array genotyping was carried out using the Illumina GGP Bovine 100K BeadChip.
GBTS libraries were prepared with a probe-based capture strategy and sequenced on the DNBSEQ
T7 platform (PE150). Sequencing data were quality controlled using fastp (v0.20.1), and reads
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were aligned to the Bos taurus UMD 3.1 reference genome using Sentieon (v202010.02) with the
BWA-MEM algorithm, followed by sorting, duplicate removal, base quality score recalibration,
and variant calling using the Haplotyper and GVCFtyper modules. WGS libraries were sequenced
at depths of ~10x for low-input samples and ~20x% for bulk gDNA. Based on comparative
performance, GBTS was selected for embryo genotyping.

Genotyping accuracy and amplification bias. Genotype call rate, genotyping concordance, and
error rates—including allele dropout (ADO), heterozygosity gain, and homozygosity reversal—
were calculated relative to gDNA references. Amplification bias was assessed from WGS data
using read-depth variability and coefficients of variation (CVs) across genomic bins of increasing
size.

Embryo genomic analyses. Embryo genomic evaluation was performed using genomic best
linear unbiased prediction (GBLUP):

y=1u+Zg +e
where y is the vector of DRP for milk production traits; u is the overall mean, and 1 is a vector of
1 s; g is the vector of genomic breeding values, following a distribution N (O, Gaj), where aj is
the additive genetic variance and G is the genomic relationship matrix (G matrix). The G matrix
was calculated as zz' /2Xp;(1 — p;), in which p; represents the MAF of marker i, and Z represents
the MAF adjusted marker matrix with entries for genotypes AA and aa being (0 — 2p;) and
(2 — 2p;), respectively. Z is a design matrix linking g to y; and e is the vector of random residual
effects. Embryo sex was determined based on X-chromosome SNP heterozygosity. Aneuploidy
was assessed using copy number variation analysis.

Statistical analysis. Differences were assessed using one-way ANOVA followed by Tukey’s HSD
test with significance declared at P < 0.05.

Results & Discussion

Across all cell inputs and genotyping platforms, MDA consistently outperformed MALBAC in
SNP calling performance. MDA achieved higher SNP relative call rates (0.92—0.98) than
MALBAC (0.59-0.77) (Fig. la-b). Genome coverage was significantly higher for MDA (93.43%—
94.40%) compared with MALBAC (53.01%—-67.08%) at matched cell numbers (P < 0.05; table
not shown), resulting in higher SNP yield (Fig. 1e—f). This performance difference is consistent
with the higher amplification efficiency of MDA than MALBAC, as reported previously (Hou et
al.,2015; Zhou et al., 2020).

Cell number had a pronounced effect on MALBAC but minimal influence on MDA. Increasing
input from 3 to 9 cells improved SNP calling performance under MALBAC, while MDA showed
stable performance at low cell inputs (Fig. 1a—b). These trends are consistent with previous studies
(Shojaei et al., 2014), indicating that MDA is more robust for low-input genomic applications.
Among genotyping platforms, GBTS and WGS showed higher relative call rates than SNP-array
for MDA-amplified samples, whereas under MALBAC amplification, GBTS performed most
consistently across all cell inputs (Fig. 1a—b). These results align with the targeted enrichment
strategy and sequencing depth of GBTS, while SNP-array performance was more sensitive to
amplification quality (So et al., 2018).
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Figure 1. SNP calling performance metrics for different WGA methods and genotyping platforms
as indicated.

MDA exhibited higher genotyping concordance (0.89—-0.98) than MALBAC (0.75-0.92) (Fig. 1¢c—
d), with concordance increasing as cell number increased. ADO decreased with increasing cell
inputs for both WGA methods (Fig. 2a-b), consistent with previous studies showing that
insufficient coverage exacerbates genotyping errors in low-input samples (Huang et al., 2015).
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Figure 2. Error types for different WGA methods and genotyping platforms as indicated.

MDA showed lower frequencies of ADO, heterozygosity gain, and homozygosity reversal than
MALBAC across all genotyping platforms (Fig. 2a—f). For MDA-amplified samples, SNP-array
exhibited the highest concordance and lowest ADO, while GBTS performed more robustly under
MALBAC amplification, consistent with previous studies (Treff ez al., 2011).

MDA exhibited lower amplification bias than MALBAC across genomic bin sizes, with
consistently lower CVs. MALBAC showed higher amplification bias, which differs from studies



reporting improved uniformity for MALBAC, suggesting bias is sensitive to experimental
conditions and sequencing depth (Cheng et al., 2017).

The optimized low-input genomic workflow was validated in bovine embryos. Genomic
evaluation generated breeding values for milk yield, fat percentage, and protein percentage,
revealing substantial genetic variation among embryos. Embryo sex was accurately determined
using X-chromosome SNP heterozygosity. Aneuploidy screening identified chromosomal
abnormalities in 60.61% of embryos, with higher rates in developmentally arrested embryos. These
results demonstrate that the workflow’s sensitivity for detecting genetic abnormalities associated
with developmental failure (Segawa et al., 2017; McCoy et al., 2023).

Conclusions

This study establishes an optimized workflow for low-input genomic analysis in cattle by
evaluating WGA methods and genotyping platforms. Application to bovine embryos enabled
reliable genomic evaluation, sex determination, and aneuploidy screening, supporting the practical
implementation of preimplantation embryo genomic selection.
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