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Indigenous cattle are central to livestock production in Africa, valued for their adaptability to harsh 
tropical environments despite lower productivity than commercial breeds. Genome analyses offer 
critical insights into the genetic potential for enhancing both resilience and productive traits, 
supporting the advancement of worldwide cattle farming systems. Here, we generated whole-
genome sequence data for 240 indigenous cattle representing breeds from distinct agro-climatic 
regions in Egypt, Uganda, and South Africa. The dataset comprises over ten terabytes of paired-end 
reads generated using the Illumina NovaSeq. 6000 platform, with an average genome coverage of 
approximately 10×. Post-filtering reads were mapped to the ARS-UCD1.2 reference genome with 
a mean mapping rate of 99.2% (range: 64.5–99.9%). Variant calling identified ~43 million SNPs and 
6 million indels (≤50 bp) unevenly distributed across the genome. Functional annotation indicated 
that many variants were located within or near known genes. This comprehensive genomic resource 
provides a foundation for future studies of genetic diversity, breed identity, population structure, local 
adaptation, breed-specific traits, or strategies for global cattle conservation.

Background & Summary
Livestock farming is crucial in developing countries, contributing significantly to livelihoods and ensuring food 
and nutritional security1. Cattle are a vital part of economies across various regions in Africa as they act as sav-
ings and insurance, provide food security through meat and milk, generate income, and supply multiple appli-
cations for horns, hides, and skins. Additionally, these animals enable households to utilize common-property 
resources (like communal pastures), and meet social commitments (such as in ceremonies or as part of dowry)2,3.
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Archaeological and genetic evidence traces the introduction of cattle into North Africa from the Levant 
at around 8,000 years before present (yBP), with subsequent expansions southward into West and East Africa 
(~4,500 yBP) and ultimately into South Africa (~2,000 yBP)4–6. The earliest African cattle were taurine (Bos 
taurus), domesticated from the Near Eastern aurochs approximately 10,000 yBP7. Subsequent introduction and 
admixture with indicine cattle (Bos indicus, zebu) from South Asia increased genetic diversity8. Indicine cattle 
first emerged in South Asia around 8,000 yBP, approximately two millennia after the taurine cattle in the Near 
East, and are thought to have descended at least in part from Bos primigenius namadicus, a South Asian aurochs 
subspecies9.

African cattle breeds exhibit notable adaptability to tropical diseases, heat stress, and limited forage qual-
ity, despite their typically lower productivity compared to high-input commercial breeds such as Angus and 
Holstein-Friesian1,10,11. Centuries of local adaptation and breeding have resulted in considerable genetic and 
phenotypic diversity, including traits conferring resistance to environmental stressors12–14. Through selective 
breeding and crossbreeding, cattle breeds have achieved high productivity (e.g., Black Angus, Holstein-Friesian, 
Simmental), but many African cattle remain indigenous, exhibiting lower productivity yet excelling in resilience 
and disease resistance10.

According to the FAO Domestic Animal Diversity Information System (DAD-IS), around 3,000 cattle breeds 
are registered globally, with approximately 600 breeds found across Africa, predominantly in sub-Saharan 
regions (FAO DAD-IS, 2024). Of these, around 150 are classified as indigenous, encompassing taurine, zebu, and 
hybrid types such as Sanga. Sanga cattle represent stabilized ancient hybrids between Bos taurus and Bos indicus 
that arose following secondary introgression of zebu into African taurine populations after their introduction to 
the continent4,15. These breeds exhibit intermediate phenotypes between Bos taurus and Bos indicus, character-
ized by smaller humps and dewlaps13,16. Zenga cattle, primarily found in East and Central Africa, are generally 
considered crossbred populations derived from crosses between zebu and Sanga, and they often carry a higher 
proportion of zebu (indicine) ancestry than Sanga breeds13. Zenga populations were developed to enhance envi-
ronmental adaptability by combining a stronger zebu genetic background with the local adaptation of Sanga 
cattle, enabling them to withstand harsh conditions such as heat, drought, poor pasture, and foot-and-mouth 
disease13,17. Egypt represents a confluence zone for both taurine and indicine cattle, as exemplified by the Baladi 
breed, which shares traits with West Asian cattle18. Central Uganda is notable for composite breeds (Nganda, 
Nyoro, and Ntuuku), developed through selection and crossbreeding with Ankole. Other breeds in the region 
include the East African Shorthorn Zebu (Nkedi, Kyoga, Serere, and Karamojong) and Friesians19. In southern 
Africa, indigenous Sanga breeds such as Nguni, Tuli, Drakensberger, and Afrikaner are widely used in vari-
ous beef production systems20, while humpless taurine breeds are predominant in Northwest Africa. Despite 
large-scale initiatives such as the 1000 Bull Genomes Project21, publicly available cattle genomic resources 
remain heavily biased toward taurine breeds, whereas African indigenous cattle are still under-represented, 
particularly clearly characterized composite local populations from northeast, equatorial, and southern Africa. 
This dataset substantially enhances the representation of African-adapted cattle genomes. Although indigenous 
cattle remain numerically dominant in Africa, the widespread introduction of commercial taurine breeds and 
their crossbreds has raised concerns about the erosion of indigenous genetic diversity and the loss of locally 
adapted traits4,15. However, the spread of crossbreeding for productivity gains has raised concerns regarding 
the erosion of indigenous genetic diversity and loss of locally adapted traits22,23. This has renewed interest in the 
conservation and characterization of indigenous breeds, recognizing their role as reservoirs of genetic diversity 
and their adaptability to challenging and changing environments.

The emergence of next-generation sequencing (NGS) has revolutionized genetic research, providing 
unmatched opportunities for high-throughput and cost-efficient analysis of DNA and RNA molecules24. 
Whole-genome sequencing (WGS) offers unparalleled opportunities to assess genetic diversity, adaptation, and 
selection signatures in African cattle populations, providing essential resources for breeding, conservation, and 
the development of new genomic tools25.

This study presents high-coverage WGS data for hundreds of indigenous African cattle from Egypt (N = 25), 
Uganda (N = 95), and South Africa (N = 120), sampled from diverse agro-ecological zones (Table 1). These data 
represent the one of the largest collection of sequenced indigenous African cattle to date and provide an impor-
tant addition to existing global cattle genome databases21,26. The data are expected to be extremely versatile, 
and useful for tasks such as exploring genomic diversity, identifying signatures of positive selection, analyzing 
genome-environment associations, and pinpointing genomic variants near candidate genes or QTLs related to 
disease and production traits. Furthermore, the data can assist in investigating different types of genomic vari-
ants, including small insertions/deletions and structural variants, and in developing genomic analysis tools, such 
as high or low-density SNP genotyping arrays, for breeding programs.

Methods
Ethics statement.  All methods were conducted in accordance with relevant guidelines and regulations. 
Blood samples were collected during the animals’ annual health inspections, conducted by licensed veterinarians. 
Prior to sample collection, written informed consent was obtained from each animal’s owner. In Egypt, sam-
pling was conducted in accordance with the animal welfare guidelines of the Institutional Animal Care and Use 
Committee, Cairo University (CU-IACUC), which approved the protocol under number CUIIF720. In Uganda, 
the study was approved by the Makerere University School of Biosecurity, Biotechnical and Laboratory Sciences 
(SBLS) Higher Degrees Research and Ethics Committee (Ref. No. SBLS/HDRC/20/001). In South Africa, sam-
pling of blood was performed with the approval of the Animal Ethics Committee of the Agricultural Research 
Council (APAEC [2020/17]), according to guidelines for the handling of animals during sample collection.
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Sampling.  In total, 240 healthy animals of African indigenous breeds were sampled along a north-south tran-
sect across Egypt, Uganda, and South Africa, with each breed adapted to its unique agro-climatic and ecological 
environment (Table 1; European Nucleotide Archive (ENA) details are provided in Table S1). Breed-specific sample 
sizes ranged from 3 to 40 individuals, primarily reflecting practical considerations, including animal availability, 
accessibility of sampling locations, and field logistics. To maximize representation of within-breed genetic diversity 
despite these differences, sampled animals were selected to be unrelated within two generations and were collected 
across multiple herds (typically 2–10 herds per breed, depending on availability). Detailed GPS coordinates of 
sampling locations are provided in Fig. 6 and Table S1. As this study is presented as a genomic resource descriptor 
rather than a hypothesis-driven association study, formal power calculations were not performed. The sampling 
strategy aimed to capture representative within-breed genetic diversity across agro-ecological zones. Breed classifi-
cation was based on national breed registries, phenotypic characteristics, and breeder records, rather than genomic 
validation.

Whole-blood samples were collected from each animal in 9 ml Vacutainer® tubes containing K3EDTA as 
anticoagulant (Greiner Bio-One, ref. 455036). Sampling was conducted by qualified veterinarians following 
standardized protocols established by the OPTIBOV project (https://www.optibov.org/), in accordance with 
official animal healthcare guidelines and with informed consent from breeders.

In the northernmost region, Egypt, local cattle breeds were sampled from the northern (N = 3), cen-
tral (N = 10), and southern (N = 12) parts of the country. Lower sampling in northern Egypt reflects limited 
herd availability and consolidation of smallholder systems. Because the Egyptian regional groups were une-
venly sampled, the apparent geographic gradient observed in the PCA should be interpreted cautiously, as the 
limited sample size may reduce the stability of regional clustering. Egypt’s climate is characterized by hot, dry 
summers and mild winters, with coastal regions experiencing moderate temperatures due to the influence of 
the Mediterranean Sea. In contrast, desert areas are subject to extreme temperature fluctuations: daytime tem-
peratures may exceed 40 °C in summer and can fall below 0 °C during winter nights. Humidity remains low 
throughout much of the country, especially in the interior. Egyptian cattle are managed under a wide range of 
ecosystems, ranging from the humid temperate Mediterranean coast in the north (Lower Egypt) to hot and arid 
conditions in the southern governorates (Upper Egypt). This local breed is mainly managed under an extensive 
system, with few animals (1–5) kept per household, and fed fodder crops such as berseem (alfalfa) in win-
ter, maize in summer, and concentrates year-round, with free access to water. The most common diseases are 
tick-borne diseases, brucellosis, and foot-and-mouth disease.

Moving south to Uganda, the sampling included Ankole (N = 19), Karamojong (N = 11), Nganda (N = 27), 
Nkedi (N = 19), and Ntuuku (N = 19) cattle. Karamojong cattle were collected in the north, Ntuuku and Ankole 
in the west, and Nganda in the central region. Uganda’s equatorial climate is marked by two rainy seasons and 
mild temperatures, typically ranging from 16 °C to 28 °C. However, the northern savannah and higher-altitude 
regions may experience cooler nights and warmer days. Livestock production is based on grazing natural 
pastures, with crop residues and commercial feeds used in more intensive systems. Major diseases affecting 
Ugandan cattle include East Coast fever, trypanosomiasis, and helminth infections.

In South Africa, samples were collected from the Afrikaner (N = 40), Bonsmara (N = 20), Nguni (N = 40), 
and Tuli (N = 20) breeds. The country exhibits substantial climatic variation: temperate highlands in the interior 
experience warm summers and cold winters with occasional frost and subzero night temperatures, while low-
land and desert regions such as the Karoo can reach extreme temperatures, with summer highs over 40 °C and 
winter lows below freezing. Coastal areas have milder, more humid climates with moderate temperatures. The 
Temperature-Humidity Index (THI) varies from moderate in coastal and highland areas to low in arid regions. 
Livestock in South Africa typically graze on natural pastures, with additional fodder crops and commercial feeds 
provided as needed. The main disease challenges include foot-and-mouth disease, tick-borne diseases, and anthrax.

Country Breed Geographic region Species Purpose Number of herds N (Female) N (Male) N

Egypt

Egyptian cattle North Hybrid Dual-purpose 2 0 3 3

Egyptian cattle Central Hybrid Dual-purpose 5 4 6 10

Egyptian cattle South Hybrid Dual-purpose 10 4 8 12

Uganda

Ankole Western Sanga* Dual-purpose 3 4 15 19

Karamojong Northern African Bos indicus Dual-purpose 3 5 6 11

Nganda Central Zenga* Dual-purpose 7 2 25 27

Ntuuku Western African Bos indicus Dual-purpose 3 2 17 19

Nkedi Central African Bos indicus Dual-purpose 3 5 14 19

South Africa

Afrikaner Limpopo, Northern Cape Sanga Dual-purpose 3 9 31 40

Bonsmara Limpopo, Northern Cape, Eastern Cape, Sanga Dual-purpose 5 8 12 20

Nguni KwaZulu-Natal, Limpopo Sanga Dual-purpose 10 5 35 40

Tuli Eastern Cape, Northern Cape Sanga Dual-purpose 6 8 12 20

Total — — — — 60 56 184 240

Table 1.  Indigenous African cattle populations collected in Egypt, Uganda, and South Africa. Detailed 
metadata, including sex, GPS coordinates, and ENA accession numbers, are provided in Table S1. *Sanga: 
Hybrid of ‘Bos taurus × Bos indicus’ (collective name: Sanga). *Zenga: Hybrid of ‘Bos taurus × Sanga’ (collective 
name: Zenga).
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Genomic DNA isolation and whole-genome sequencing.  The blood samples were processed at 
the Wageningen University & Research Sequencing Facility. Genomic DNA was extracted using a modified 
salting-out precipitation method (Gentra Puregene Blood Kit, Qiagen) following the manufacturer’s instruc-
tions. The concentration of DNA was measured using the Qubit® dsDNA BR Assay on a Qubit® 2.0 fluorometer 
(Life Technologies, CA, USA). To visualize the isolated DNA samples, agarose gel electrophoresis with ethidium 
bromide staining was employed. The genomic DNA from each sample was normalized to a final volume of 100 µl 
and a concentration of 20–50 ng/µl. NovaSeq. 6000 (Illumina Inc., USA) sequencing data were obtained from 
dual-indexed genomic libraries with paired-end and 150 bp reads.

Sequencing data processing, mapping and variant calling.  The raw sequencing reads underwent 
pre-processing, which involved trimming adapter sequences, correcting mismatched bases in overlapping 
paired-end reads, and removing duplicate and low-quality reads, using the fastp v0.23.4 package27. No samples 
were excluded during this preprocessing step; all samples were retained for downstream alignment and vari-
ant calling. BWA-MEM2 (v2-2.2.1) was used to align sequence reads to the bovine reference genome (assem-
bly versions ARS-UCD1.2/GCA_002263795.2 and ARS-UCD2.0/GCA_002263795.4 for the Y chromosome)28. 
The resulting SAM/BAM files were further processed, which included marking duplicate reads with samblaster 
v0.1.2629, sorting by coordinates using Samtools v1.1430, and generating a mapping quality report with QualiMap 
v2.031. The sorted BAM files obtained were subsequently used for variant calling. Figure 1 provides an overview 
of the steps involved in mapping, variant calling, and variant filtering.

Both individual sample variant calling and joint genotyping across the samples were conducted using the 
FreeBayes (v1.3.1) pipeline for “population variant calling” (https://wiki.anunna.wur.nl/index.php/Population_
variant_calling_pipeline)32. Previous studies showed Biallelic SNPs called from Freebayes and GATK-HC had sim-
ilar concordance to those called using the bead arrays and had greater than 99% concordance to each other33. To 
improve the reliability of detected variants, several calling and filtering parameters were applied during this pro-
cess. Specifically, genotype qualities were recorded (--genotype-qualities), and only the two most likely alleles per 
site were considered (--use-best-n-alleles 2) to reduce spurious complexity at multi-allelic positions. Reads sup-
porting variant calls were further constrained by requiring a minimum base quality of 10 (--min-base-quality 10),  
a minimum alternate allele fraction of 0.2 (--min-alternate-fraction 0.2), and at least two reads supporting the 
alternate allele (--min-alternate-count 2). Variant calling was conducted under a diploid model (--ploidy 2), and 
haplotype-based complex calling was disabled (--haplotype-length 0) to focus on single-site variation. The require-
ment that at least 20% of reads support the alternative allele was based on the commonly used FreeBayes setting 

Fig. 1  Overview of the sequence quality control, processing, mapping, variant calling, filtering, and annotation 
pipeline used in this study. The workflow was adapted from the population variant calling pipeline (Code 
Availability). Software tools are shown in green, data files generated during the workflow are shown in red. Data 
saved to external repositories (e.g., ENA, EVA) are indicated in blue in parentheses.
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for diploid samples with moderate sequencing depth, and was intended to reduce spurious alternate observations 
while retaining true variants supported by multiple reads32. Following variant calling, initial site-level filtering 
was performed using vcffilter/vcflib v0.0.2019.07.103234, retaining only variants with a quality score greater than 
20 (QUAL > 20) and a total depth greater than 4 (DP > 4). These thresholds were used to remove low-confidence 
sites and variants supported by insufficient read depth, which are more likely to arise from sequencing noise, 
local misalignment, or ambiguity in repetitive and structurally complex genomic regions. We acknowledge that 
the DP > 4 threshold is relatively permissive and may retain some false-positive variants. We did not apply an 
additional per-genotype depth filter in this analysis, although such filtering could be considered in future work for 
more stringent analyses of individual SNPs. Because the same filtering criteria were applied uniformly across all 
populations, and downstream analyses were based on genome-wide variant patterns after minor allele frequency 
(MAF) and missingness filtering, this strategy is unlikely to introduce systematic ancestry-specific filtering bias.

For the filtered datasets, variants with a missing genotype rate exceeding 5% or a MAF below 0.05 were 
removed using VCFtools v0.1.1635. This ensured that only high-confidence variants were retained for subse-
quent population structure analyses. Both the primary VCF files and the filtered VCF files generated after this 

Fig. 2  High-quality sequencing data and mapping results. (a) Boxplots show total sequencing yield (Gb), 
Q30 yield (Gb), and mean coverage for African indigenous cattle samples (N = 240). (b) Mean coverage per 
individual is shown for each breed. (c) Duplication rates, mapping success rates, and average read-level mapping 
quality (MAPQ). In all boxplots, boxes represent the interquartile range (IQR; 25th–75th percentile), the 
horizontal line within each box indicates the median, whiskers extend to the most extreme data points within 
1.5 × IQR, and dots represent individual animals. (d) Histogram of position-level MAPQ values across the 
genome. The x-axis shows MAPQ scores (0–60), the y-axis shows the number of genomic positions, and each 
bar represents the mean number of positions across samples at each MAPQ value.
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step have been deposited in the European Variation Archive (EVA) to support transparency and future reuse. 
Y-chromosomal estimates were based on the 56 male samples included in this dataset. Due to the low diversity 
and limited coverage of the Y chromosome, Y-chromosomal variants were excluded from downstream analyses.

For the raw and filtered variant analysis, we used the Ensembl Variant Effect Predictor (VEP, release 110.1) 
for annotating variants identified in genomic regions36. Variant annotation was performed in offline mode using 
the Bos taurus ARS-UCD1.2 reference assembly. In the current analysis, VEP annotation was limited to stand-
ard gene-based consequence categories, including coding, UTR, intronic, intergenic, splice-region, upstream/
downstream gene, and non-coding transcript consequences. Regulatory region annotations, such as promoter 
and enhancer annotations, were not included in this version of the analysis. Detailed information about the 
specific codes used for mapping, variant calling, filtering, and annotation processes can be found in the “Code 
Availability” section.

Population structure.  A Principal Component Analysis (PCA) based on filtered autosomal SNP data 
(MAF ≥ 0.05, missing rate ≤ 0.05) was conducted to investigate the genetic structure of African indigenous cat-
tle, incorporating reference groups African indigenous cattle breeds relative to reference groups from the 1000 
Bull Genomes Project Run 921: Reference panels include African Bos taurus (N’Dama and Muturu), European 
Bos taurus (Hereford, Holstein Friesian, Jersey, and Angus), African Bos indicus (Goffa, Boran, Kenana, and 
Ogaden), and Asian Bos indicus (Nelore, Hariana, Tharparkar, Gir, and Red Sindhi). LD-pruned SNPs was per-
formed with PLINK (--indep-pairwise 50 10 0.2), and the top four principal components were extracted (--pca 4).  
Eigenvectors were visualized in ggplot2 v3.5.137.

Genome-wide ancestry composition was inferred using ADMIXTURE v1.3.038. LD-pruned genotypes 
were used to reduce redundancy. Ancestry proportions were estimated for K values ranging from 2 to 4 with 
cross-validation error. The K values were selected based on biological interpretability rather than the lowest 
cross-validation error. Admixture plots were visualized in R with ggplot2 v3.5.137.

Data Records
The complete raw sequencing data, in FASTQ format, have been deposited in the ENA under Project accession 
PRJEB9091439. The corresponding variant call files (VCFs), including both the primary dataset and the filtered 
dataset used for downstream analyses, have been deposited in the EVA under project accession PRJEB11043540 
(ARS-UCD1.2; raw data), PRJEB9422641 (ARS-UCD1.2; filtered data) and PRJEB9386842 (ARS-UCD2.0 Y chro-
mosome; raw data). Publicly available reference variant datasets were obtained from the 1000 Bull Genomes 
Project (PRJNA39142743) and the African Genomic Reference Resource (PRJEB7456544; Muturu).

Technical Validation
Quality control of sequencing data.  Each sample yielded a sequencing output ranging from 27 to 57 Gb, 
with 89–95% of the bases (averaging 93%) achieving a minimum Phred quality score of 30. This score indicates 
an anticipated base calling accuracy of 99.9%. No samples were excluded during the initial preprocessing step, 
and all samples were retained for downstream alignment and variant calling. The average coverage for the samples 
ranged from 6× to 15×, with an overall average of 10× (Fig. 2a, Table S2). Additionally, the average coverage for 
each breed per individual is illustrated in Fig. 2b.

Following filtering, the proportion of reads mapped to the taurine reference genome ranged from 64.5% 
to 99.9%, with a mean mapping rate of 99.2% (Table S3). As alignment was performed against the predomi-
nantly Bos taurus reference genome (ARS-UCD1.2/2.0), we also examined breed-specific mapping performance 
in relation to ancestry and admixture background. Overall mapping rates were high, but a modest trend was 
observed: the lowest average mapping rates occurred in Ugandan indicine/Zenga breeds (Nganda: 98.07%; 
Ntuuku: 98.17%; Karamojong: 99.18%; Nkedi: 99.41%), consistent with increased divergence from the taurine 
reference. Mapping rates increased in admixed Sanga and Sanga-derived breeds (Ugandan Ankole: 99.48%; 
South African Afrikaner: 99.58%; Bonsmara: 99.57%; Nguni: 99.51%; Tuli: 99.53%). Egyptian cattle displayed 
the highest mapping rates among African populations (North: 99.79%; Middle: 99.62%; South: 99.60%), consist-
ent with comparatively higher taurine ancestry and/or closer similarity to the reference (Table S3).

The mean read-level mapping quality (MAPQ) score was 15.10 across samples (range: 14.74–15.29; Fig. 2c, 
Table S3), whereas the mean position-level MAPQ score was 57.22 across samples (range: 56.53–57.52;), with a 
consistently high histogram peak at MAPQ 60 (Fig. 2d). Read-level MAPQ includes all aligned reads, including 

General statistics of raw and filtered variants

Variant class Raw count Filtered count (MAF ≥ 0.05, missing rate ≤ 0.05)

SNPs 43,529,353 26,939,288

Indels 3,408,559 469,367

Substitutions 1,928,480 1,178,349

Insertions 1,686,400 1,019,008

deletion 2,069,151 1,222,658

Overlapped genes 27,213 27,208

Overlapped transcripts 43,492 43,487

Table 2.  Summary statistics for variants identified in the raw and filtered VCF files (excluded Y), including 
counts of SNPs, small indels (≤50 bp), and substitution categories.

https://doi.org/10.1038/s41597-026-07458-y
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multimapped or ambiguously aligned reads from repetitive or complex genomic regions, whereas position-level 
MAPQ summarises the average mapping quality of reads supporting each genomic position. Thus, although 

Fig. 3  Distribution of SNP counts per individual across African indigenous cattle breeds (N = 240). Boxplots 
summarize the number of SNPs per breed, with green dots indicating individual animals. Boxes represent the 
interquartile range (IQR; 25th–75th percentile), the horizontal line within each box indicates the median, and 
whiskers extend to the most extreme data points within 1.5 × IQR.

Chromosomes Raw count
Filtered count (MAF ≥ 0.05, 
missing rate ≤ 0.05)

Raw SNP density 
(count/kb)

Filtered SNP density 
(count/kb)

1 3,054,950 1,905,767 15.92 12.02

2 2,509,697 1,560,383 15.17 11.45

3 2,182,855 1,372,405 14.81 11.34

4 2,346,938 1,514,437 16.27 12.62

5 2,234,247 1,424,304 15.28 11.86

6 2,294,109 1,420,024 16.10 12.05

7 2,026,336 1,291,838 15.17 11.67

8 2,084,021 1,286,116 15.20 11.35

9 1,986,777 1,201,054 15.52 11.39

10 1,953,440 1,250,852 15.65 12.11

11 1,956,381 1,197,983 15.21 11.2

12 1,896,883 1,212,848 17.99 13.91

13 1,508,773 954,999 14.95 11.44

14 1,540,191 958,304 15.38 11.63

15 1,791,782 1,143,478 17.60 13.45

16 1,523,736 955,272 15.34 11.79

17 1,441,388 880,146 16.17 12.03

18 1,249,042 795,619 15.78 12.09

19 1,158,209 717,422 15.00 11.31

20 1,422,343 881,320 16.38 12.24

21 1,347,469 840,117 16.05 12.03

22 1,139,953 689,747 15.46 11.35

23 1,277,536 774,090 20.15 14.74

24 1,241,658 775,387 16.42 12.44

25 812,331 485,597 15.74 11.47

26 1,021,410 629,008 16.36 12.1

27 989,448 612,686 17.90 13.43

28 986,407 619,813 17.97 13.49

29 1,138,383 704,382 18.30 13.78

X 1,437,550 850,456 8.30 6.12

Y 131,300 82,311 2.19* —

Table 3.  Chromosome-wise summary statistics of SNPs in the raw and filtered VCF file, including the number 
of variants and their distribution across the 29 autosomes and the sex chromosomes. * Y-chromosomal SNP 
density was calculated using the 56 male samples included in this dataset. The Y chromosome showed lower 
SNP density and diversity (mean: 2.19, range: 0.05–12.09) than the autosomes and X chromosome in males 
(mean: 15.56, range: 0.01–69.72).
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read-level MAPQ value is lower than expected for uniquely mapped reads generated by BWA-MEM228, most 
callable genomic positions were predominantly supported by confidently mapped reads, it is comparable to val-
ues reported in previous cattle whole-genome sequencing studies involving diverse European populations45. The 
relatively low read-level MAPQ may reflect mapping ambiguity in repetitive or structurally complex genomic 
regions, as well as genetic divergence from the taurine-based reference genome, particularly in indicine-related 
populations. Consistent with this interpretation, read-level MAPQ showed a modest ancestry-associated pat-
tern, with the lowest values observed in indicine-related populations (e.g., Karamojong, 14.74) and the highest 
values in taurine-indicine admixed/crossbred populations (e.g., Bonsmara, 15.29). Duplication rates (mean: 
6%, range: 3.89–15.78%, Table S3) and were also comparable to those reported in previous cattle WGS stud-
ies45. Therefore, variants located in repetitive or complex genomic regions should be interpreted with caution. 
Nevertheless, downstream analyses were based on variant-level quality filtering, including variant quality, read 
depth, missingness, and MAF thresholds, to reduce the impact of low-confidence variant calls.

Additional alignment-level quality metrics further supported the reliability of the sequencing data. Across 
samples, the median insert size 339 bp (range: 253–397 bp), consistent with typical short-insert Illumina 
whole-genome libraries. GC content was highly stable, with a mean of 44.28% (range: 41.98–46.03%), indi-
cating uniform sequence composition across samples and no obvious GC-related bias. The general error rate 
was low overall, averaging 0.0075 (range: 0.0053–0.0098), further supporting good read and alignment quality. 

Fig. 4  Chromosomal distribution of SNPs across African cattle genomes based on ~27 million variants. 
Chromosomes are ordered by size on the X-axis. The purple heatmap and accompanying bar plot show SNP 
density (SNP per kb), while the blue bar plot indicates gene density across 1 Mb windows.
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Taken together, the high mapping rates, consistent coverage, acceptable mapping performance, and favorable 
alignment-level QC metrics demonstrate that the sequencing dataset was of sufficient quality for downstream 
genetic analyses.

Quality control of SNP data.  Variant calling across all samples identified approximately 43 million SNPs 
and 6 million small indels (≤50 bp; Table 2). To ensure variant accuracy and minimize false positives, a series of 
stringent filtering steps were applied. Only variants located on autosomes and sex chromosomes were retained, 
and only biallelic SNPs were considered. In addition, the variant-calling and filtering criteria required a minimum 
base quality of 10, at least 20% of reads and a minimum of two reads supporting the alternative allele, and reten-
tion of variants with a quality score greater than 20 and a total read depth greater than 4. No explicit per-sample 
missingness threshold was applied. However, per-individual missing genotype rates were low and homogeneous 
across the 240 individuals before filtering, with a mean of 0.6% and a range of 0.2–3.2%. As no individual showed 
a missing genotype rate greater than 5%, no samples were excluded from downstream analyses based on per indi-
vidual missingness. The transition/transversion (Ti/Tv) ratio, a standard measure of variant calling quality, was 
2.29 in the post-filtering variant dataset, consistent with expectations for whole-genome sequencing and indic-
ative of high data quality46. The number of SNPs per individual for each breed is shown in Fig. 3 and Table S4.

Subsequent filtering for downstream analyses targeted variants with high missingness or low MAF. The SNPs 
with a missing genotype rate > 0.05 and those with MAF < 0.05 were excluded. After all quality control steps, 
approximately 27 million high-quality SNPs and 2 million small indels (≤50 bp) remained (Table 2). Among 
these, 27,208 genes and 43,487 transcripts were overlapped by at least one SNP. Analysis of SNP distribution 
in both the raw and filtered datasets revealed a genome-wide but uneven pattern across all Bos taurus chro-
mosomes (Table 3, Fig. 4). The Y chromosome showed markedly lower SNP density and diversity (mean: 2.19, 
range: 0.05–12.09) than the autosomes and X chromosome in males (mean: 15.56, range: 0.01–69.72), with 
Y-chromosomal estimates based on the 56 male samples included in this dataset47. Due to the low diversity of 
the Y chromosome, Y-chromosomal variants were excluded from downstream analyses.

Annotation and genetic structure of SNP Data.  Raw and filtered variants from the autosomes and X 
chromosome were classified into variant types, including SNPs, indels, substitutions, insertions, and deletions 
(Table 3; Fig. 5a), and were further functionally annotated according to their genomic locations and predicted 
effects (Table S5). The overall annotation profile was consistent with large-scale cattle whole-genome sequenc-
ing studies21,45,48, including the 1000 Bull Genomes Project and other bovine WGS datasets, in which most 
SNPs are located in non-coding regions, particularly intergenic and intronic regions. In the 1000 Bull Genomes 
reference dataset (Run 6)21, approximately 66.1% of SNPs were intergenic, 26.2% were intronic, and less than 
1% were classified as missense or synonymous variants. Similarly, in our dataset, most SNPs were in intronic 
(49.1%) and intergenic (38.8%) regions, whereas only a small proportion were located in exonic regions (0.8%; 
Fig. 5b). The differences in the relative proportions of intergenic and intronic variants between datasets may 
reflect differences in the reference genome assembly and genome annotation used in the 1000 Bull Genomes 

Fig. 5  Functional annotation of ~27 million variants identified in African indigenous cattle genomes. (a) Variant 
classes. (b) Distribution of SNPs by genomic context. (c) Gene-coding SNPs.
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Project Run 6 compared with the current reference and annotation used in this study21. To benchmark the 
functional annotation results, we compared the coding consequence distribution in the present dataset with 
the annotation summary previously reported for 289 European native cattle using a comparable reference and 
annotation framework45. In the present dataset, among gene-coding SNPs, 57.9% were synonymous variants 
and 39.8% were missense variants, corresponding to a synonymous-to-missense ratio of approximately 1.46. 
This distribution was broadly comparable to that reported for European native cattle, where coding conse-
quences were similarly dominated by synonymous variants (59.35%) and missense variants (38.72%), with a 
synonymous-to-missense ratio of approximately 1.53. In addition, we identified 1,957 stop-gained variants 
introducing premature stop codons in the present dataset (Fig. 5c). Overall, the similar distribution of anno-
tated SNP consequence classes supports the consistency of our functional annotation results with previous 
cattle genomic resources.

PCA was performed to provide an overview of the genetic composition of the African cattle samples in 
relation to reference populations from the 1000 Bull Genomes Project Run 921 (Fig. 6a,b). In both PCA panels, 
Egyptian, Ugandan, and South African cattle formed three broad groups, reflecting the major genetic differ-
ences represented in the dataset. Egyptian cattle showed a tentative geographic pattern, with individuals from 
Upper Egypt, in the southern region, tending to position closer to Bos indicus, whereas individuals from Lower 
Egypt, in the northern region, were positioned closer to Bos taurus. However, this pattern should be interpreted 

Fig. 6  Genetic and geographic population structure of African indigenous cattle breeds. (a) Principal 
component analysis (PCA) of African indigenous cattle breeds. (b) PCA of African indigenous cattle breeds 
in relation to reference populations from the 1000 Bull Genomes Project Run 921. Axis labels indicate the 
proportion of variance explained by each principal component. (c) ADMIXTURE analysis of African 
indigenous cattle breeds together with reference populations from the 1000 Bull Genomes Project Run 921 
Reference panels include African Bos taurus (N’Dama and Muturu), Bos taurus (Hereford, Holstein Friesian, 
Jersey, and Angus), African Bos indicus (Goffa, Boran, Kenana, and Ogaden), and Bos indicus (Nelore, Hariana, 
Tharparkar, Gir, and Red Sindhi). (d) Geographic sampling locations of the African indigenous cattle breeds 
included in this study (Table S1).
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cautiously because of the limited and uneven sampling across Egyptian regions. Southern African Sanga breeds, 
including Nguni and Bonsmara, were located between the taurine and indicine reference groups, consistent with 
their known admixed ancestry. ADMIXTURE was used as a complementary exploratory approach to visualize 
broad ancestry patterns. The K values presented in Fig. 6c (K = 2, 3, and 4) were selected based on biological 
interpretability rather than the lowest cross-validation error. Consistent with the PCA results, ADMIXTURE 
revealed heterogeneous ancestry patterns across African cattle populations, with variable contributions from 
taurine-related ancestry (African and European taurine) and indicine-related ancestry components (Fig. 6c). 
The geographic locations of these samples are shown in Fig. 6d (Table S1). These analyses are intended to provide 
a descriptive overview of the genetic structure represented in this resource and to facilitate interpretation and 
reuse of the dataset in future studies.

Data availability
Raw sequencing data are available in the ENA under Project accession PRJEB9091439. VCFs, including both the 
primary dataset and the filtered dataset used for downstream analyses, are available in EVA under the following 
project accessions: PRJEB11043540 (ARS-UCD1.2; raw data), PRJEB9422641 (ARS-UCD1.2; filtered data), and 
PRJEB9386842 (ARS-UCD2.0 Y chromosome; raw data). Publicly available reference variant datasets were 
obtained from the 1000 Bull Genomes Project (PRJNA39142743) and the African Genomic Reference Resource 
(PRJEB7456544).

Code availability
The data analyses were conducted using standard bioinformatics tools on a Linux system. Representative 
command-line scripts and parameter settings for the main sequencing quality control, read preprocessing, 
mapping, variant calling, variant filtering, annotation, and population structure analyses are publicly available 
on GitHub (https://github.com/junxingao888/BovWGS-Pipeline) and Zenodo (https://doi.org/10.5281/
zenodo.19189075)49.
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