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ABSTRACT

Jaunpuri is an importantindigenous dairy goat breed of northern India, but the genomic basis of its economically
important traits remains poorly understood. This study investigated genome-wide selection signatures using
four complementary approaches namely nucleotide diversity (1), Tajima’s D, composite likelihood ratio (CLR)
and integrated haplotype score (iHS). The m analysis identified 948 candidate genes enriched for transcriptional
regulation and chromatin organization. Tajima’s D detected 848 candidate genes with similar functional
enrichment, whereas the CLR approach identified 6,410 selective sweep regions enriched for axon guidance
and cell-adhesion pathways. The iHS analysis highlighted candidate regions containing LDB2 and DCHS2, which
overlap reported milk production QTLs, together with haemoglobin-related genes. Fourteen candidate genes
consistently identified by m, Tajima’s D, iHS and CLR analyses, represent the most robust candidate loci associated
with the genetic architecture of the Jaunpuri goat. These genes are known to be involved in mammary gland
development, lactation and reproductive biology. Their detection may reflect historical or ongoing selection for
enhanced milk production and reproductive performance in Jaunpuri goats.
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INTRODUCTION

In many developing nations, goats are known to be
the best livestock species for improving the economic
health of marginal and landless farmers (Verma, 2018).
The amount to which this priceless genetic resource
contributes to the livelihood of the impoverished is not
well appreciated and its significance is undervalued.
Goats play an important role in the animal agriculture
economies of various nations for generating income,
storing capital, creating jobs and providing food for
the home. Due to their smaller size, they are simpler
to handle, take up less room and can be managed by
women and children. Goat milk is an excellent choice
for people who are allergic to or intolerant to cow milk
because it is rich in nutrients and often simpler to digest
(Sen et al.,, 2004). However, because goat milk yield is
less than cow milk, it is more expensive. Therefore, to
produce goats with better milk yields, it is essential to
understand the genetics and determine the genes linked
to milk production. The distinctive indigenous Jaunpuri
goat, is mostly found in the eastern part of Uttar
Pradesh, India. The breed is valued for milk as well as
meat. The medium-sized Jaunpuri goat is distinguished
by its robust body, drooping ears and tendency to give

birth to twins (Patel, 2017). To comprehend the unique
genetic characteristics of Jaunpuri goat and discover
the genetic effects of the selection forces they have
encountered, it is essential to identify the markers of
selection (Verma, 2014). Since the genome of Jaunpuri
goat has not been extensively studied, this study was
undertaken to identify signatures of selection using
whole genome resequencing data. The results will
enable a thorough understanding of their genetic
makeup and identify candidate genes underlying the
genomically selected regions. These findings will serve
as a starting point for more research on the genetic
underpinnings of significant economic characteristics
for future improvement of Jaunpuri goats.

MATERIALS AND METHODS

Sample collection and genomic DNA isolation

Blood samples were obtained from 10 unrelated
Jaunpuri goats originating from their native breeding
tract in eastern Uttar Pradesh, India. The animal
handling and sample collection were performed
in accordance with approved ethical guidelines.
Genomic DNA was isolated from whole blood using the
conventional phenol-chloroform extraction protocol.



Journal of Livestock Biodiversity

The concentration and purity of the extracted DNA
were determined spectrophotometrically, while DNA
integrity was verified by agarose gel electrophoresis
before library preparation.

Whole-genome resequencing and library
preparation

Whole-genome resequencing was carried out to
generate high-quality genomic data for the identification
of genome-wide sequence variants. Approximately 1 pg
of genomic DNA from each individual was randomly
fragmented to produce inserts of approximately 300-
400 bp. Fragmented DNA was subjected to end repair,
addition of adenine overhangs and ligation of indexed
sequencing adapters. Adapter-ligated fragments were
subsequently amplified by PCR to enrich the sequencing
libraries. Library concentration was measured using
a Qubit Fluorometer (Invitrogen, Life Technologies,
Grand Island, NY, USA) and fragment size distribution
was evaluated using the High Sensitivity DNA Kit on an
Agilent TapeStation system. Libraries with satisfactory
quality were pooled at equimolar concentrations and
used for cluster generation. Paired-end sequencing (2
x 150 bp) was then performed on the [llumina NovaSeq
6000 system.

Bioinformatics analysis

FastQC v.0.11.9 was used to perform a per-base
sequence quality check on the raw fastq files (Andrews
2010). Adapter sequences and bases with a Phred score
of less than 20 were cut using Cutadapt (Mohideen et
al.,, 2020). The Burrows-Wheeler Aligner tool (Li and
Durbin, 2010) used the bwa mem command to map
the trimmed sequences to the goat reference genome,
GCF_001704415.2_ARS1.2_genomic.fna. Following
mapping, the resultant Sam data were converted
into BAM files. These BAM files were then sorted and
compiled using Samtools (Li et al., 2009). BCFTOOLS
was used to create a vcf file (Li, 2011). Variant quality
control was carried out using vcftools (Danecek et al.,
2011).

Detection of selection signatures

According to Nei and Li (1979), nucleotide diversity
is the average number of nucleotide changes per site
between two DNA sequences taken from a population;
larger values signify greater diversity. The nucleotide
diversity was estimated using the program vcftools
(Danecek et al., 2011) with window size of 50 kb that
contained at least fifteen SNVs. The 2% threshold
was used to evaluate statistical significance. vcftools
software was used to calculate Tajima’s D statistics
within the population at window sizes of 50 kb.
Only windows with fifteen or more markers were
taken into account. After applying a 4% threshold,
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the lowest D value found was -2.67499. Tajima’s D
statistic combines two measures of genetic diversity:
the number of segregating sites (S) and the average
number of pairwise nucleotide variations between
sequences in a sample (Tajima, 1989). Tajima’s D test
is used to determine if a DNA sequence is evolving
randomly or under a non-random process, such as
selection, population contraction, population expansion
or introgression. According to the conventional neutral
evolutionary paradigm, Tajima’s D statistic value should
be zero. Deviations from zero, however, could be a sign
of selection or non-neutral forces. Positive Tajima’s D
values indicate balanced selection, which represents
an abundance of intermediate allele frequencies,
while negative values imply the fixation of alleles
or rare alleles (Tajima, 1989). Selscan was used for
Integrated Haplotype Score (iHS) analysis (Szpiech and
Hernandez, 2014). In order to account for the reliance
of iHS on allele frequency, the resulting raw iHS values
were adjusted by normalizing scores across allele
frequency using the norm tool. Candidate genomic
areas under recent positive selection were identified
using the normalized absolute iHS values and SNPs with
high iHS values were regarded as possible selection
signals. SNPs with iHS > 3 were selected as significant
and kept for further analysis. SweeD (Chu et al., 2023)
was used to perform Composite Likelihood Ratio (CLR)
analysis in order to determine whether genomic areas
were impacted by recent positive selection. To estimate
CLR values throughout the genome, the filtered
VCF file was used as input. At predetermined grid
locations, SweeD compares the likelihood of a neutral
model with that of a selective sweep model to scan
the genome. Under recent positive selection, genomic
areas with the highest CLR values were regarded as
candidate regions. The top 1% of the genome-wide CLR
distribution contained SNPs (or genomic windows)
that were considered significant and chosen for further
analysis. To display the chromosomal distribution of
selection statistics, Manhattan plots were constructed
with the gqgman function in R. To find high-confidence
genes under selection, all the three methods were
evaluated for overlap. Genes identified by atleast 2 or
more methods were considered promising candidates
and visually represented using Venny2.1.0 (Oliveros,
2015). DAVID bioinformatics resources (Sherman et al.,
2022) were used to perform gene ontology and define
the biological functions of candidate genes.

RESULTS AND DISCUSSION

Whole-genome sequencing of 10 samples of Jaunpuri
goat produced high quality sequencing data with
consistently good read mapping rates to the reference
genomes. Jaunpuri goat samples yielded clean reads
ranging from 468 to 789 million, with more than 99%
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reads aligned to the reference genome (Table 1). After
variant calling and quality filtering, 30,380,017 high-
confidence single nucleotide polymorphisms (SNPs)
were discovered in Jaunpuri goats. The high mapping
percentages and number of discovered SNPs imply
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that the sequencing data was of good quality and
providing a strong dataset for downstream analysis.
The chromosome wise distribution of SNPs in Jaunpuri
goat is shown in Fig 1.

Table 1: Whole genome sequencing read summary of Jaunpuri goats

Sample Total reads Mapped reads Mapping percent GC content (%)
Jaunpuri goat 1 310462204 309897075 99.82% 4472
Jaunpuri goat 2 315964542 315445902 99.84% 42.96
Jaunpuri goat 3 321489756 321059265 99.87% 42.21
Jaunpuri goat 4 363138501 362637618 99.86% 43.47
Jaunpuri goat 5 408606279 408041021 99.86% 4472
Jaunpuri goat 6 246775902 246139631 99.74% 42.96
Jaunpuri goat 7 271812117 271034834 99.71% 43.97
Jaunpuri goat 8 324433366 323891859 99.83% 42.21
Jaunpuri goat 9 234256924 233568538 99.71% 43.47
Jaunpuri goat 10 394464516 393775148 99.83% 43.97
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Fig. 1: Distribution of SNPs across the goat chromosomes.

Genome-wide selection signature analysis in Jaunpuri
goats, employing four complementary approaches
(nucleotide diversity (m), Tajima’s D, composite
likelihood ratio (CLR), and integrated haplotype score
(iHS), identified thousands of candidate genomic
regions under putative recent positive selection,
several of which overlapped with goat QTL database
entries for economically important traits. The m-based
scan (mean T = 1.43 x 1073) flagged 949 low-
diversity windows harboring 948 candidate genes
including HOXA5-HOXA10, HOXD8-HOXD13, TBX15,
LCORL, FOX03, JAK1, NR5A1 and ZEB2, enriched for
transcriptional regulation and chromatin organization.
These were clustered on chromosomes 2, 3, 6, 7, 14,
17, 19 and 22, suggesting these loci may have been
targets of selection for lactation. Tajima’s D analysis
(mean = -1.80) similarly identified 848 candidate
genes enriched for chromatin- and DNA-binding
functions, while the CLR scan resolved 6,410 sweep
regions (6,409 candidate genes) concentrated on

chromosomes 6, 15 and 3, enriched for axon guidance
and cell-adhesion processes. The iHS analysis identified
949 candidate regions, most notably LDB2 (Chr6) and
DCHS2 (Chr17), both mapping to milk production
QTLs, alongside enrichment for oxygen-transport and
haemoglobin-related genes (e.g., HBBC, BPGM). These
convergent signatures across independent statistical
approaches indicate that selection in the Jaunpuri
breed has acted on multiple genomic regions associated
with transcriptional regulation, lactation and other
production-relevant traits.

Genome-wide Manhattan plots from four intra-
population selection signature analyses (nucleotide
diversity (m), Tajima’s D, composite likelihood ratio
(CLR) and integrated haplotype score (iHS) showed
the genomic distribution of potential selection signals
across all autosomes (Fig. 2). Reduced genetic diversity
and negative Tajima’s D values, respectively, were
highlighted by the m and Tajima’s D plots, which are
signs of recent positive selection. On the other hand,
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genomic areas with high absolute iHS values and
higher likelihood ratios were found using the CLR
and iHS Manhattan plots, indicating broad haplotype
homozygosity and selective sweeps. Candidate regions

Genome-wide Nucleotide Diversity (- logyq(n))
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that were scattered across several chromosomes and
exceeded the predetermined thresholds for each
approach were highlighted, indicating that selection
has affected numerous genetic loci.
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Fig. 2: Genome-wide distribution of candidate selection regions identified by
nucleotide diversity (m), Tajima’s D, CLR and iHS.

To identify strong positive selection signatures,
overlapping genes across all the four methods were
identified (Fig. 3). A total of 29 genes were found
common in Tajima’s D, iHS and CLR whereas 8 were
common in 1, Tajima’s D and iHS, 20 were common in
Tajima’s D, iHS and CLR. Fourteen genes were observed
to be common all the four intra population tests. Since
they are corroborated by independent statistical
methods, genes found by several testing offer more
convincing proof of actual selection targets.

TajimaD iHS

Fig. 3: Venn diagram showing overlapping candidate genes
identified by four intra-population selection signature
analyses

Comparison of the four selection signature approaches
identified 14 candidate genes common to all methods,
including HDACY, ATP8B4, DUS2, SUGCT, GNB1, ATXN?7,
ERC2,L0C106502391,L0C102181832, KMT2C, ZBTB20,
NF1, BOP1 and TTN. These genes consistently identified
by m, Tajima’s D, iHS and CLR analyses, represent the
most robust candidate loci associated with the genetic
architecture of the Jaunpuri goat. Among the identified
candidate genes, ZBTB20 has been shown to play an
essential role in mammary gland function. Targeted
deletion of ZBTB20 disrupts prolactin expression
and lactotrope development, leading to impaired
lactogenesis, failure of milk secretion, and neonatal
mortality in knockout mice (Han et al.,, 2022). Given
the central role of prolactin signaling in the initiation
and maintenance of lactation, the identification of
ZBTB20 within our candidate loci supports its potential
involvement in regulating milk production and/
or lactation onset. This warrants further validation
through expression profiling and association analyses
in mammary tissue.

Similarly, KMT2C, a histone H3K4 methyltransferase,
has established relevance to mammary gland biology.
Using a mammary-specific conditional knockout
model, Gala et al. (2018) demonstrated that KMT2C is
indispensable for estrogen receptor-a (ERa)-mediated
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pubertal mammary gland development and epithelial
cell proliferation, in addition to its well-recognized
role in breast tumorigenesis. HDACY, a class Il histone
deacetylase, may also contribute to mammary function
through epigenetic regulation (Lapierre et al.,, 2016).
Histone deacetylase-mediated chromatin remodeling
has been implicated in the transcriptional regulation
of casein and other milk protein genes. However, a
direct functional association between HDAC9 and milk
production traits has not yet been established and
therefore should be interpreted with caution.

NF1, a well-characterized tumor suppressor that
negatively regulates RAS signaling, has been associated
with an increased risk of aggressive mammary
tumorigenesis in both humans and rodent models
(Dischinger et al., 2018), indicating an important role
in mammary epithelial growth and homeostasis. This
gene has also been identified as a positional candidate
gene associated with litter size in a multi-breed sheep
GWAS, particularly in the highly prolific Finnsheep
breed, where it was implicated in folliculogenesis and
luteinizing hormone (LH)-signaling pathways (Xu et
al., 2018). Further, BOP1 gene has been associated with
milk fat percentage in cattle (Dong et al., 2026).

These findings indicate that several of the candidate
genes identified in the present study are functionally
linked to mammary gland development, lactation
or reproductive biology. Their detection may reflect
historical or ongoing selection for enhanced milk
production and/or reproductive performance in
Jaunpuri goats. Nevertheless, functional validation
through gene expression analyses, fine-mapping
and experimental studies in future may confirm
their biological roles and causal relationships with
economically important traits.
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