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Abstract 20 

Copy number variations (CNVs) are large structural genomic variants characterized by the 21 

presence or absence of different copies of genomic segments relative to a reference genome, 22 

contributing substantially to phenotypic variation within populations. The present study aimed to 23 

identify genomic hotspots of CNVs in five Nepalese buffalo breeds using 64 whole-genome 24 

sequence datasets. A read-depth approach implemented in CNVnator with a bin size of 500 bp was 25 

used for CNV detection. Overlapping CNVs were merged into copy number variation regions 26 

(CNVRs). High-frequency CNVRs were defined as regions present in at least 80% of individuals 27 

within a breed. These regions were considered genomic hotspots of structural variation and were 28 

investigated for their potential association with disease resistance, environmental adaptation, and 29 

productive traits. Gene annotation was performed using ClusterProfiler and DAVID, followed by 30 

functional pathway enrichment analysis and literature mining. A total of 20,594 CNVs and 7,767 31 

CNVRs were identified across the five breeds. Lime buffalo exhibited the highest number of CNVs 32 

(5,978), whereas Parkote buffalo showed the lowest number (2,964). Deletions outnumbered 33 

duplications in all breeds. Functional annotation revealed genes associated with mastitis resistance 34 

(CLDN34) in Lime buffalo, genes associated to metabolic substrates required for lactose synthesis 35 

during lactation (PDHA1), and immune-related genes including BTNL2 and neighboring BoLA 36 

loci implicated in tuberculosis and paratuberculosis susceptibility in Gaddi buffalo. The results 37 

provide important insights into the genomic divergence and adaptive differentiation of Nepalese 38 

buffalo breeds. This study demonstrates the potential utility of breed-specific CNVRs as genomic 39 

markers for disease resistance, productivity, and environmental adaptation in buffalo breeding 40 

programs. 41 
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Introduction 44 

Buffaloes are among the most important livestock species in Nepal, contributing approximately 45 

63% of national milk production and 52% of meat production [1]. Nearly half of Nepalese 46 

households keep buffaloes for milk, meat, manure, traction, and agricultural activities. Buffalo 47 

milk is preferred over cattle milk because of its higher fat and solid-not-fat content, attractive white 48 

color, and greater economic value [2]. Indigenous Nepalese buffaloes are broadly classified into 49 

Lime, Parkote, Gaddi, and Terai breeds, while Arnee represents the wild buffalo population found 50 

in Nepal. Lime, Parkote, and Gaddi are adapted to hilly regions above 1,000 meters above sea 51 

level, whereas Terai buffaloes are native to the hot and humid lowland plains. 52 

Copy number variations (CNVs) are structural genomic variants, typically larger than 1 kb, that 53 

occur in variable copy numbers relative to a reference genome [3]. Unlike single nucleotide 54 

polymorphisms (SNPs) and small insertions/deletions, CNVs often encompass entire genes and 55 

regulatory regions, thereby influencing gene dosage, transcriptional regulation, and gene function 56 

[4]. CNVs can affect phenotypes through deletion or duplication of coding sequences, alteration 57 

of regulatory elements, exposure of recessive alleles, or disruption of gene structure at CNV 58 

breakpoints [4]. In addition, CNVs contribute substantially to tissue-specific transcriptomic 59 

variation and can influence the expression of genes located both within and outside the CNV 60 

boundaries [5]. 61 

Because of these functional effects, CNVs are increasingly recognized as important contributors 62 

to complex traits such as milk yield, fat percentage, protein percentage, and solid-not-fat content. 63 
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They also represent a major source of genetic variation involved in environmental adaptation, 64 

evolution, and disease resistance. Genome-wide studies in cattle have identified signatures of 65 

selection in CNV-overlapping genes associated with climatic adaptation and economically 66 

important traits, highlighting the biological significance of structural variation in livestock [6–8]. 67 

Historically, CNVs in livestock were detected using comparative genomic hybridization (CGH) 68 

arrays and SNP-based platforms. However, advances in next-generation sequencing have made 69 

whole-genome sequencing (WGS) the preferred approach because of its higher resolution, deeper 70 

coverage, and improved characterization of complex structural variants [9]. Recent studies have 71 

demonstrated that WGS can identify CNVs that remain undetected or unresolved by array-based 72 

methods [9]. 73 

Despite the growing interest in buffalo genomics, CNVs associated with major economic traits 74 

such as milk production, fat content, solid-not-fat percentage, and disease resistance remain largely 75 

unexplored in Nepalese buffalo populations. Therefore, the present study aimed to 76 

comprehensively characterize CNVs and CNVRs in five Nepalese buffalo breeds using whole-77 

genome sequence data. Specifically, the objectives were to: (i) identify genome-wide CNVs and 78 

CNVRs, (ii) characterize breed-specific and high-frequency CNVRs, (iii) annotate genes 79 

overlapping these regions, and (iv) investigate functional pathways associated with adaptation, 80 

disease resistance, and productive traits. The findings provide a genomic framework for 81 

understanding structural variation in Nepalese buffaloes and may facilitate the development of 82 

marker-assisted selection strategies based on breed-specific CNVRs. 83 

 84 

 85 
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Materials and Methods 86 

Sampling and whole-genome resequencing 87 

Whole-genome sequencing (WGS) data from 64 Nepalese buffaloes (Bubalus bubalis) 88 

representing five breeds were retrieved from the NCBI Sequence Read Archive (SRA) under 89 

BioProject accessions PRJNA1057008 and PRJNA1101683 [10]. The dataset comprised 21 Lime, 90 

15 Gaddi, 14 Terai, 7 Parkote, and 7 Arnee buffaloes that has average sequencing depth of 10x.  91 

Read quality control and sequence alignment 92 

Raw sequencing reads were initially assessed for quality using FastQC v0.12.1 [11]. Adapter 93 

sequences and low-quality bases were removed using fastp with default parameters. High-quality 94 

reads were aligned against the water buffalo reference genome (NDDB_SH_1, released September 95 

2021) using BWA-MEM v0.7.12 [12]. The resulting Sequence Alignment/Map (SAM) files were 96 

retained for downstream processing. 97 

Post-alignment processing 98 

SAM files were converted to Binary Alignment/Map (BAM) format using SAMtools v1.17 [13]. 99 

BAM files were subsequently validated, sorted according to genomic coordinates, and assigned 100 

read-group information using Picard Tools v2.25.1 implemented within the Genome Analysis 101 

Toolkit (GATK) v4.0.2.0 [14]. PCR duplicates were identified and marked using the 102 

MarkDuplicates module to minimize amplification bias during CNV detection. 103 

Population genetic analysis 104 
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To investigate the genetic relationship among Nepalese buffalo breeds, principal component 105 

analysis (PCA) was performed using PLINK v1.9 [15]. PCA was used to evaluate breed 106 

differentiation and validate the genetic distinctiveness of the sampled populations. 107 

Identification of copy number variations and copy number variation regions 108 

Copy number variations (CNVs) were detected using the read-depth approach implemented in 109 

CNVnator v0.4.1 [16]. CNVnator partitions the genome into non-overlapping bins and estimates 110 

read-depth (RD) signals to identify genomic regions with abnormal copy numbers. PCR duplicate-111 

free BAM files were used to generate read-depth histograms. The optimal bin size was determined 112 

according to the CNVnator recommendations by evaluating the ratio of mean read depth to read-113 

depth variance, with values between 4 and 5 considered appropriate. A bin size of 500 bp was 114 

selected for all samples. Following GC-content correction and read-depth normalization, CNVs 115 

were identified using the call function. Candidate CNVs were retained using the following filtering 116 

criteria: CNV size between 1 kb and 5 Mb and statistical significance (p < 0.01). Copy number 117 

variation regions (CNVRs) were generated by merging overlapping CNVs with at least 1 bp 118 

overlap using BEDTools v2.31.0 [17]. CNVRs were subsequently classified as loss, gain, or mixed 119 

(regions containing both deletions and duplications) using CNVRanger v1.18.0 [18]. 120 

Chromosomal distributions of CNVRs were visualized using the RIdeogram package in R. 121 

Identification of high-frequency CNVRs and functional annotation 122 

To identify breed-specific structural variation hotspots, CNVRs were filtered according to their 123 

occurrence frequency within each breed. High-frequency CNVRs were defined as regions present 124 

in at least 80% of individuals belonging to the same breed. These regions were considered 125 



 

7 

 

candidate structural variants potentially associated with breed-specific adaptation and 126 

economically important traits. 127 

Genes overlapping high-frequency CNVRs were identified using BEDTools v2.31.0 based on the 128 

NDDB_SH_1.gtf genome annotation file [17]. Functional enrichment analyses were performed 129 

using the Database for Annotation, Visualization and Integrated Discovery (DAVID) to identify 130 

significantly enriched Gene Ontology (GO) terms and Kyoto Encyclopedia of Genes and Genomes 131 

(KEGG) pathways. KEGG pathways with p < 0.001 were further validated using the clusterProfiler 132 

package in R. Only pathways consistently identified by both approaches were considered for 133 

biological interpretation. Owing to the limited functional annotation available for buffalo, the Bos 134 

taurus genome annotation was used as the background reference for enrichment analysis. 135 

 136 

3. Results 137 

3.1 Genome-wide identification of CNVs and population structure 138 

Principal component analysis (PCA) based on genome-wide CNV data clearly separated the five 139 

buffalo breeds (Fig. 1). The first two principal components explained 9.98% (PC1) and 7.50% 140 

(PC2) of the total genetic variation, respectively. Lime and Parkote buffaloes clustered closely, 141 

whereas Gaddi and Terai buffaloes formed a separate domestic cluster. Arnee buffaloes were 142 

distinctly separated from the domestic breeds, indicating clear genetic differentiation among the 143 

studied populations. There were only seven Parkote buffaloes were available for whole-genome 144 

sequencing and PCA indicated substantial genetic similarity between Lime and Parkote buffaloes, 145 

Parkote was excluded from downstream functional annotation analyses. 146 
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 147 

Fig. 1 Principal component analysis (PCA) of five Nepalese buffalo breeds based on genome-wide 148 

CNV data. 149 

 150 

3.2 Genome-wide distribution of CNVs 151 

Genome-wide CNVs were detected using the read-depth approach implemented in CNVnator. A 152 

bin size of 500 bp produced an optimal mean read depth to variance ratio of approximately 4, 153 

satisfying the recommended criteria for reliable CNV detection. The total number of CNVs 154 
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differed among breeds (Fig. 2). Lime buffalo exhibited the highest number of CNVs (5,978), 155 

whereas Parkote buffalo had the lowest (2,964). In all breeds, deletions were more frequent than 156 

duplications and mixed CNVs. 157 

 158 

 159 

Fig. 2 Total number of CNVs identified in each Nepalese buffalo breed. 160 

 161 

Total number of CNVR observed in 5 breeds of buffaloes are presented in Fig 3. Total number of 162 

CNVR observed in Lime, Parkote, Gaddi, Terai and Arnee were 1753, 1411, 1557, 1518 and 1528, 163 

respectively. Out of different type of CNVR, deletion type was higher than duplication and mixed 164 

type of CNVR in all breeds.  165 
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 166 

Fig. 3 Total number of CNVR per breed  167 

 168 

The total number of CNVs identified in the present study exceeded that previously reported in six 169 

Indian buffalo breeds. Likewise, the number of CNVRs observed in Nepalese buffaloes was 170 

comparable to that reported in Ethiopian indigenous cattle populations. 171 

 172 

3.3 Genomic distribution of CNVRs 173 

The chromosomal distribution of CNVRs is presented in Table 2. Overall, CNVRs covered 1.56% 174 

of the autosomal genome and 1.90% of the entire buffalo genome, including the sex chromosomes. 175 

CNVR coverage varied among chromosomes. The X chromosome exhibited the highest proportion 176 

of CNVR coverage, whereas chromosome 12 showed the lowest genomic coverage. 177 

 178 

3.4 High-frequency CNVRs 179 
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To investigate breed-specific structural variation, CNVRs were classified according to their 180 

frequency within each breed into high-frequency (≥80% of animals), medium-frequency (20–181 

80%), and rare (<20%) categories. Only high-frequency CNVRs from Lime, Gaddi, and Terai 182 

buffaloes were included in downstream functional annotation because each breed contained at least 183 

13 whole-genome sequenced individuals. A large proportion of genes overlapping these high-184 

frequency CNVRs corresponded to predicted or uncharacterized LOC genes. Distribution of 185 

CNVR according to chromosome distribution is presented in Fig 4.  186 

 187 

 188 

Fig. 4 Ideogram depicting size of buffalo chromosome  189 

 190 

 191 
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4. Discussion 192 

Genome-wide copy number variation (CNV) analysis was performed using whole-genome 193 

sequencing data from 64 Nepalese buffaloes representing five indigenous breeds. A total of 20,594 194 

CNVs were identified and subsequently merged into 7,767 copy number variation regions 195 

(CNVRs). These CNVRs collectively spanned 53.13 Mb, representing approximately 1.90% of 196 

the buffalo reference genome. Among the identified CNVRs, 748 regions were common to all five 197 

breeds. Genome-wide CNV analysis demonstrated extensive structural genomic variation among 198 

Nepalese buffalo breeds. The identification of 20,594 CNVs and 7,767 CNVRs, together covering 199 

1.90% of the buffalo genome, indicates that CNVs represent an important source of genetic 200 

diversity in indigenous buffalo populations. Similar genome coverage has been reported in 201 

previous buffalo whole-genome sequencing studies, supporting the reliability of the present CNV 202 

detection pipeline [23]. Furthermore, the observed genomic coverage falls within the range 203 

reported for ruminant species using next-generation sequencing approaches [24]. 204 

Principal component analysis clearly distinguished the five buffalo breeds, demonstrating 205 

substantial genetic differentiation that agrees with previous population genomic studies of buffalo 206 

[19,20]. The close clustering of Lime and Parkote buffaloes suggests either a recent common 207 

ancestry or historical gene flow between these breeds. In contrast, the distinct separation of Arnee 208 

buffaloes reflects their wild origin and confirms their considerable genetic divergence from 209 

domestic buffalo populations. These findings provide confidence that breed-specific CNVR 210 

analyses capture biologically meaningful structural variation. 211 

The present study detected a larger number of CNVs than previous investigations conducted in 212 

Indian buffalo populations [21]. Several factors may explain this difference, including the larger 213 

sample size, differences in sequencing depth, higher genetic diversity among Nepalese buffaloes, 214 
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and variations in CNV detection algorithms and filtering criteria. Such methodological differences 215 

have previously been shown to substantially influence CNV discovery across livestock 216 

populations. Deletions were consistently more abundant than duplications in all five breeds, a 217 

pattern that has been widely reported in buffalo and cattle CNV studies [21,22]. This predominance 218 

may reflect both biological processes underlying structural variation and the greater sensitivity of 219 

read-depth methods for detecting deletions relative to duplications. 220 

One limitation of the present study is the absence of phenotypic records and estimated breeding 221 

values (EBVs) for the sequenced animals. Consequently, the identified CNVRs could not be 222 

directly associated with economically important traits through genotype–phenotype association 223 

analyses. In addition, Parkote buffaloes were excluded from downstream functional annotation 224 

because of the limited number of sequenced individuals and their close genetic relationship with 225 

Lime buffaloes. Future studies integrating whole-genome sequencing with phenotypic, 226 

transcriptomic, and association analyses will be necessary to validate the biological significance 227 

of the identified CNVRs and their contribution to adaptation and productive performance. 228 

4.3 Genomic distribution of CNVRs 229 

The genome-wide distribution of CNVRs demonstrated that structural variants occupied 230 

approximately 1.90% of the buffalo genome, indicating that copy number variation represents a 231 

substantial source of genomic diversity in Nepalese buffalo. This estimate is highly consistent with 232 

the 2.2% genome coverage reported by Liu et al. in water buffalo using whole-genome sequencing 233 

[23]. Although Ayalew et al. [22] reported a lower genome coverage (0.7%) in Ethiopian cattle, 234 

differences in species, sample size, sequencing depth, and CNV detection methodologies likely 235 

account for these discrepancies. Moreover, the observed genome coverage falls within the range 236 
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(0.13–8.96%) reported across ruminant species, indicating that the present estimates are 237 

comparable with previous livestock genomic studies [24]. 238 

The uneven chromosomal distribution of CNVRs, with the highest coverage observed on the X 239 

chromosome and the lowest on chromosome 12, suggests that structural variation is not uniformly 240 

distributed throughout the buffalo genome. Similar non-random chromosomal distributions have 241 

been reported in cattle and buffalo and may reflect differences in recombination rates, repetitive 242 

DNA content, mutation frequency, and selective pressures acting on individual chromosomes. 243 

 244 

4.4 Biological significance of high-frequency CNVRs 245 

High-frequency CNVRs were selected for functional annotation because structural variants 246 

occurring in a large proportion of individuals within a breed are more likely to represent stable 247 

genomic features than rare polymorphisms. Such regions may have accumulated through natural 248 

or artificial selection and therefore represent candidate loci associated with environmental 249 

adaptation, disease resistance, and economically important production traits. Nevertheless, 250 

because the present study did not include phenotypic records or gene expression data, these regions 251 

should be regarded as candidate genomic regions requiring further functional validation. 252 

A considerable proportion of genes located within high-frequency CNVRs were annotated as 253 

predicted or uncharacterized LOC genes. This finding is consistent with previous buffalo genome 254 

studies and reflects the current limitations of functional annotation in the buffalo reference 255 

genome. Copy number variants frequently occur within rapidly evolving genomic regions enriched 256 

for duplicated sequences and lineage-specific genes, many of which remain poorly characterized. 257 

Continued improvement of buffalo genome annotation, together with transcriptomic and 258 
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comparative genomic analyses, will facilitate the biological interpretation of these candidate 259 

structural variants. 260 

Gene Annotation 261 

Lime buffalo 262 

A total of 384 genes were identified within high-frequency CNVRs in Lime buffalo, although a 263 

substantial proportion corresponded to uncharacterized LOC genes, reflecting the incomplete 264 

annotation of the buffalo genome. The annotated genes were primarily enriched in pathways 265 

related to immunity, reproduction, muscle development, and metabolism, suggesting that structural 266 

variation may contribute to adaptation and productive performance in this indigenous hill breed. 267 

Among the immune-associated genes, CXCR3 encodes a chemokine receptor responsible for 268 

recruiting activated T lymphocytes and natural killer (NK) cells to inflammatory sites, thereby 269 

regulating Th1-mediated immune responses and antiviral defense [25]. PLCG2, an essential 270 

component of B-cell receptor and mast-cell signaling, has been implicated in both innate and 271 

adaptive immunity and may influence resistance to intramammary infections. Likewise, CLDN34, 272 

a member of the tight junction protein family, contributes to maintaining epithelial barrier integrity 273 

within the mammary gland. Tight junction stability is essential for preventing pathogen invasion 274 

and preserving milk composition, suggesting that CNVRs overlapping CLDN34 may influence 275 

susceptibility to mastitis [26]. 276 

Several metabolic genes were also identified within high-frequency CNVRs. PDHA1 links 277 

glycolysis to the tricarboxylic acid cycle and is fundamental to cellular energy production and 278 

lactose synthesis during lactation. MAP3K15, previously associated with stress-response pathways 279 

and pancreatic islet function, may participate in cellular adaptation to oxidative and environmental 280 
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stress [27]. Although its function has not been investigated in buffalo, structural variation affecting 281 

this gene could contribute to metabolic homeostasis under the fluctuating climatic conditions of 282 

Nepal's mid-hill environment. 283 

Reproductive function was represented by PGR, which regulates ovarian cyclicity, uterine 284 

receptivity, and pregnancy maintenance [28]. In addition, TSPYL2, an X-linked member of the 285 

nucleosome assembly protein family, has been implicated in gonadal development and 286 

reproductive physiology [29]. The occurrence of these genes within high-frequency CNVRs is 287 

consistent with the well-recognized reproductive fitness and adaptability of indigenous Lime 288 

buffaloes maintained under extensive production systems. 289 

Genes associated with muscle growth and carcass characteristics were also detected. HDAC4 290 

regulates skeletal muscle differentiation through epigenetic mechanisms and influences lipid 291 

metabolism [30]. ARHGAP42 contributes to vascular smooth muscle regulation and may influence 292 

muscle perfusion and metabolic efficiency [31], whereas SHROOM2 participates in cytoskeletal 293 

organization and tissue morphogenesis. PYCR2, which catalyzes proline biosynthesis, contributes 294 

to collagen synthesis and connective tissue development, potentially influencing muscle integrity 295 

and meat quality. 296 

Overall, the high-frequency CNVRs identified in Lime buffalo encompass genes involved in 297 

immune competence, reproductive performance, metabolic regulation, and muscle development. 298 

These findings suggest that structural variation may contribute to the remarkable adaptability and 299 

productive resilience of this indigenous hill breed. 300 

 301 

 302 
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Gaddi buffalo 303 

High-frequency CNVRs identified in Gaddi buffalo overlapped several genes involved in 304 

immunity, metabolism, growth, and reproduction, indicating that structural variation may 305 

contribute to adaptation in this high-altitude breed. 306 

PDHA1 plays a central role in oxidative metabolism by linking glycolysis with the tricarboxylic 307 

acid cycle and provides metabolic substrates required for lactose synthesis during lactation [32,33]. 308 

Structural variation affecting this gene may therefore influence metabolic efficiency and milk 309 

production. 310 

Immune-related genes were strongly represented. BTNL2 regulates T-cell activation and immune 311 

homeostasis, and polymorphisms within BTNL2 and neighboring BoLA loci have previously been 312 

associated with susceptibility to bovine tuberculosis and paratuberculosis [34–36]. PLCG2, 313 

another immune-related candidate, mediates B-cell receptor signaling and has been associated with 314 

immune responsiveness and mastitis susceptibility [37,38]. These observations suggest that 315 

CNVRs encompassing immune-related genes may contribute to disease resilience in Gaddi 316 

buffaloes raised under extensive grazing systems. 317 

Genes associated with muscle development were also identified. FHL1 regulates skeletal muscle 318 

differentiation, whereas HDAC4 functions as an epigenetic regulator of muscle growth, skeletal 319 

development, and lipid metabolism [39–41]. Reproductive performance may additionally be 320 

influenced by structural variation affecting PGR, a key regulator of progesterone signaling and 321 

pregnancy establishment [42]. 322 

Collectively, these candidate genes indicate that structural variation in Gaddi buffalo may 323 

influence immune function, metabolic efficiency, muscle development, and reproductive 324 
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performance. Nevertheless, transcriptomic and genotype–phenotype association studies are 325 

required to establish the functional consequences of these CNVRs. 326 

Terai buffalo 327 

Terai buffaloes inhabit the hot and humid lowland plains of Nepal, where animals are continuously 328 

exposed to elevated temperature, humidity, and increased pathogen pressure. High-frequency 329 

CNVRs identified in this breed contained genes primarily associated with immune regulation, 330 

metabolism, cellular stress responses, and reproduction. 331 

HDAC4 functions as an epigenetic regulator of gene expression involved in skeletal muscle 332 

development, metabolism, and cellular responses to environmental stress [30]. Epigenetic 333 

regulation is increasingly recognized as an important mechanism underlying adaptation to climatic 334 

stress in livestock. MGAM, which encodes maltase-glucoamylase, plays an essential role in 335 

carbohydrate digestion and glucose utilization, potentially contributing to efficient energy 336 

metabolism under tropical production conditions. 337 

Several immune-related genes were also identified within high-frequency CNVRs. BTNL2 338 

regulates adaptive immune responses through modulation of T-cell activation [43,44]. CD55 and 339 

CFH are major regulators of the complement cascade that protect host tissues from excessive 340 

complement activation while maintaining effective innate immunity [45,46]. PLCG2 mediates B-341 

cell receptor signaling and innate immune activation, whereas WDFY4 participates in antigen 342 

presentation and adaptive immune responses [47]. The enrichment of these immune-associated 343 

genes may represent genomic adaptations that enhance disease resilience under the hot and humid 344 

conditions characteristic of the Terai region. 345 
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Unlike the previous version, mitochondrial genes were not interpreted because copy number 346 

estimates for mitochondrial DNA generated from whole-genome sequencing are highly influenced 347 

by tissue-specific mitochondrial abundance and sequencing depth. Consequently, mitochondrial 348 

CNVs detected by read-depth methods such as CNVnator should be interpreted cautiously and are 349 

generally not considered robust candidates for adaptive CNVR analyses. 350 

Overall, the high-frequency CNVRs identified in Terai buffalo highlight genes involved in immune 351 

regulation (BTNL2, CD55, CFH, PLCG2, WDFY4), metabolic regulation (MGAM), and cellular 352 

stress responses (HDAC4). These candidate genes provide plausible genomic mechanisms 353 

underlying environmental adaptation and disease resilience in buffaloes inhabiting the subtropical 354 

lowlands of Nepal. However, further transcriptomic and functional validation studies are necessary 355 

to determine whether these structural variants directly influence economically important traits or 356 

heat tolerance. 357 

Conclusion  358 

A large number of structural variations were observed in this study for five major breeds of buffalo 359 

of Nepal, with reasonable number of breed-specific and common variants. A variation in CNV 360 

numbers among the different breeds was observed, with Lime possessing the highest number of 361 

CNVs and Parkote the lowest, and deletions outnumbering duplications in all breeds. Annotation 362 

of the high frequency CNVR revealed genes for mastitis resistance, milk production, fertility, 363 

muscle growth and development. One of the major gene, CLDN34 observed in Lime buffalo, 364 

produce a tight junction protein that contribute to epithelial barrier integrity in the mammary gland. 365 

Maintenance of tight junction structure is crucial for preventing pathogen invasion and preserving 366 

milk composition. Similarly, PHDA1 genes observed in Gaddi buffalo help in linking glycolysis 367 

to the tricarboxylic acid cycle, is central to oxidative metabolism and provides substrates for 368 
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lactose synthesis, and milk production from the mammary glands.  All annotated genes in the study 369 

are practically relevant because these are derived from breed-specific high frequency CNVR (≥80), 370 

which is recent polymorphism in majority of the population for particular breed. Results indicate 371 

that CNVs and CNVRs govern candidate genes related to important functional traits and 372 

adaptability, and can be used for the selection of buffalo for important traits based on breed-specific 373 

variants. 374 

 375 
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