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Introduction

Copy number variations (CNVs) represent a major class of structural genomic variants
defined as deletions or duplications of DNA segments typically ranging from ~1 kb to several
megabases (Letaief ef al., 2017). CNVs contribute to phenotypic diversity by altering gene
dosage, disrupting coding sequences, or affecting regulatory architecture, and have been
associated with adaptation, disease resistance, and production-related traits in livestock
(Strillacci et al., 2025). In cattle, CNVs have been linked both to population differentiation
and to economically relevant traits (Goyache et al., 2022; Jang et al., 2021).

Early CNV surveys relied primarily on array-based platforms; however, whole-genome
sequencing (WGS) enables higher resolution and more comprehensive detection of CNV
breakpoints. In this context, multi-caller frameworks integrating heterogeneous detection
signals, such as read-depth (RD) variation, discordant paired-end (PE) mapping, and split-
read (SR) evidence, are increasingly preferred, as they improve sensitivity and reduce tool-
specific false positives (Kooverjee et al., 2023). This approach mitigates intrinsic caller
biases, since performance may differ markedly depending on CNV length, type, genomic
repeat content, and local mappability (Berghofer ef al., 2025).

Identifying CNVs shared across individuals and breeds is essential to understand how these
variants impact local selection and adaptation (Strillacci ef al., 2018). CNVs may account for
a substantial fraction of gene expression variability through gene dosage effects, modification
of cis-regulatory elements, or structural interference with chromatin organization. Here, we
leverage short-read WGS data and a multi-caller consensus strategy to systematically
characterize CNVs in eight Alpine cattle breeds, which are traditionally raised in
mountainous environments and are known for resilience to harsh climatic and management
conditions.

Materials & Methods

Paired end short read WGS data from 101 individuals belonging to eight Alpine cattle breeds:
Aosta Black Pied (ABP, 14), Aosta Chestnut-Hérens (ACH, 17), Aosta Red Pied (ARP, 17),
Fleckvieh (FLK, 9), Original Brown Swiss (OBS, 25), Pinzgauer (PNZ, 4), Ritisches
Grauvieh (RGV, 15), and Tiroler Grauvieh (TGV, 10). Raw reads QC and alignment was
done using the nf-core Sarek pipeline (v3.1.2). Paired-end reads were quality controlled and
adapter-trimmed and then aligned to the bovine reference genome ARS-UCDI1.2 using
BWA-MEM?2. Duplicate reads were marked using GATK MarkDuplicates.

CNV calling was performed using three complementary tools exploiting different evidence
types: CNVnator (RD-based), Manta (SR- and PE-based), and Delly (PE- and SR-based).
This multi-caller strategy was adopted to increase robustness of CNV detection by combining
orthogonal signals. Raw CNV calls were filtered to retain high-confidence deletions (DEL)
and duplications (DUP) based on tool-specific criteria: CNVnator (p <0.05; >50% reads with
MAPQ>0), Manta (FILTER=PASS), and Delly (FILTER=PASS; >3 supporting reads
including PE/DV/SR).
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CNVs were further filtered: those located on unplaced scaffolds and on the X chromosome
excluded; variants within the 1 kb to 5 Mb size range retained. For each sample, overlapping
CNVs detected by all tools were merged into a per-individual consensus callset.

Intra-breed CNV regions (CNVR) were generated by merging consensus CNVs across
individuals within each breed, requiring >90% reciprocal overlap and occurrence in at least
two individuals of the same breed, following Butty et al. (2020). Intra-breed CNVRs showing
discordant classifications across individuals (DEL in some and DUP in others) were labelled
as MIX. Collapsed intra-breed CNVR were subsequently compared across breeds using
bedtools intersect with parameters -f 0.9 -r, and only DEL and DUP regions were considered
for the identification of high-confidence inter-breed CNVR. All intra-breed CNVR were
annotated using the HandyCNV R package.

Results

We analysed WGS data from 101 individuals representing eight Alpine cattle breeds. On
average, 640,113,230 reads (SD = 169,846,222) were obtained per animal, of which 97.61%
(SD = 5.07%) were correctly mapped. The average sequence coverages ranged from 10x to
60x.

Across individuals, CNV calling yielded 59,548, 311,585, and 295,404 raw CNVs using
CNVnator, Delly, and Manta, respectively. After filtering, callsets included 31,934 CNVs
for CNVnator (28,128 DEL; 3,806 DUP), 293,590 for Delly (242,314 DEL; 51,276 DUP),
and 290,996 for Manta (268,920 DEL; 22,076 DUP). The multi-caller per-individual
consensus dataset comprised 236,547 high-confidence CNVs (208,016 DEL; 28,531 DUP).
Notably, the RGV breed exhibited the shortest mean DEL size (0.13 £ 2.66 Mb) and the
largest mean DUP size (2.39 + 11.73 Mb) within the consensus dataset. Collapsing CNVss
into CNVRs identified 22,909 intra-breed CNVRs (18,088 DEL; 4,500 DUP; 321 MIX) and
4,325 inter-breed CNVRs (3,578 DEL; 747 DUP). Of the inter-breed CNVR, 260 (6.01%)
overlapped regions reported in Alpine cattle (Strillacci et al., 2025), while only 39 (0.90%)
matched those described in a Holstein-based study (Butty et al., 2020).
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Figure 1. Genomic distribution of inter-breed CNVRs detected in all eight Alpine breeds.
Each point represents a CNVR; DEL are shown in blue and DUP in orange.



To identify a highly conserved CNV signature across Alpine cattle, we restricted the analysis to inter-
breed CNVR detected in all eight breeds. The genomic distribution of these core CNVR is shown in
Fig. 1. Consistent with the overall CNV callset, deletions were more frequent than duplications,
suggesting an enrichment of recurrent loss events among the most conserved CNVR. The annotation of
the 101 core CNVRs shared across all breeds identified 12 regions overlapping protein-coding genes,
reported in Table 1.

Table 1. Annotated genes located within inter-breed CNVRs shared across all breeds.

ID Chr  Start End State Genes
CNVR 6 5 91481180 91482475 DEL PIK3C2G
CNVR 13 6 5432983 5800654 DUP PDESA
CNVR 28 9 87476953 87484654 DEL IYD
CNVR 29 9 89047828 89049036 DEL ESR1
CNVR 33 10 17856515 17865086 DEL LRRC49
CNVR 44 13 7824369 7825514 DEL MACROD2
CNVR 60 16 60203060 60204146 DEL RALGPS2

AP1BI1, THOC5, NIPSNAP1, ZMATS, UQCR10, ASCC2,
MTMR3, HORMAD2, LIF, OSM, CASTOR1, TBCID10A,
SF3A1, CCDC157, SEC14L2, MTFP1, SEC14L3, SEC14L4,
GAL3ST1, PES1, TCN2, SLC35E4, DUSP18, C17H50rf52,

OSBP2, MORC2, TUG1, SMTN, SELENOM, INPP5J,
PLA2G3, RNF185, LIMK2, PIK3IP1, PATZ1, MIR11976-1,
DRG1, PISD, YWHAH, SLC5A1, SLC5A4, ZNF280B,

CNVR_69 17 68637646 71098312 DUP

ZNF280A
CNVR_80 20 18362293 18364382 DEL NDUFAF2
CNVR 82 20 43612669 47644116 DUP CDH9
CNVR 94 27 5507976 5510291 DEL MCPHI
CNVR 95 27 38072088 38073110 DEL CSGALNACTI1

Discussion

The multi-caller consensus strategy adopted in this study generated a robust CNV catalogue
for Alpine cattle, reducing tool-specific artefacts and improving confidence in downstream
CNVR definition. Across both the consensus callset and inter-breed CNVRs, deletions were
markedly more frequent than duplications, in agreement with previous WGS-based studies in
cattle (Butty ef al., 2020, Letaief et al., 2017; Strillacci et al., 2018). Collapsing individual
CNVs into breed-level and inter-breed CNVRs enabled the identification of a limited set of
high-confidence regions shared across populations, highlighting a conserved CNV
component across Alpine breeds. The higher concordance observed with the CNVR dataset
reported by Strillacci et al. (2025), compared to Butty et al. (2020), likely reflects the closer
biological and population context. The limited overlap under stringent reciprocal criteria
further highlights differences in CNVR boundaries across studies, which are expected given
variations in detection methods, populations, and CNVR definition strategies.

In line with Fig. 1, core CNVRs were distributed across multiple autosomes, indicating
conserved structural variation shared among Alpine breeds. The annotation of these 101 core
CNVRs detected in all eight breeds identified only 12 gene-overlapping regions (Table 1),
suggesting that most conserved CNVRs are located in gene-poor or intergenic genomic
contexts. Notably, the core CNVR set included genes previously linked to environmental
adaptation and stress resilience in bovines. PIK3C2G was reported in CNVRs showing
significant differentiation between high- and low-altitude cattle populations, supporting its



potential relevance for altitude-related adaptation (Ayalew et al., 2024). Moreover,
CNVR 69 includes genes involved in mitochondrial oxidative phosphorylation such as
UQCR10, which was found up-regulated in high-altitude adapted bovine species, consistent
with hypoxia-driven metabolic adjustment (Ma et al., 2022). Additional genes overlapped by
core CNVRs include PDESA and CASTORI, both associated with cattle responses to heat
stress at the epigenetic and cellular level (Del Corvo et al., 2021; Gai et al., 2022), and
MACROD?2, a locus previously implicated in cattle adaptation and economically relevant
traits including fertility and survival-related phenotypes (Venkatesan et al., 2026). Overall,
the presence of conserved gene-overlapping CNVRs across all breeds supports their potential
relevance as stable structural features of Alpine cattle genomes.

Conclusions

In this study, a multi-caller consensus approach applied to short-read WGS data enabled the
robust detection and consolidation of CNVs into high-confidence intra- and inter-breed
CNVRs across eight Alpine cattle breeds. The identification of a limited set of core CNVRs
shared by all breeds, including gene-overlapping loci involved in immune and metabolic
pathways, provides a valuable resource to investigate structural variation potentially
contributing to resilience in mountainous environments.
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