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California mastitis test (CMT), and Infrared Thermog-
raphy (IRT). Over time, incidences of mastitis have dras-
tically increased. Globally, mastitis is associated with 
approximately $35 billions of annual economic losses 
[16]. In their 1962 study, Dandha and Sethi were the first 
to estimate the annual economic loss due to mastitis in 
India, which was 529 million INR. Over the decades, this 
amount increased significantly, with Bansal and Gupta 4 
reporting 716.551 million INR in 2007.

Buffalo (Bubalus bubalis), or "Black Gold" is a vital live-
stock species contributing to milk, meat, draught power, 
manure, and fuel. According to Basic Animal Husbandry 
Statistics (BAHS) 2024, India's milk production rose by 
3.78% in 2023–24 compared to 2022–23 estimates. The 
Food and Agriculture Organization (FAO) 2022 states 
that buffalo milk accounts for about 15% of global pro-
duction. Buffaloes are less prone to mastitis than cattle.

Introduction
Livestock farming is continuously facing the severity of 
mastitis and its consequences are affecting the health of 
dairy herds and the economy worldwide. Mastitis can be 
categorized into Clinical mastitis (CM) and Sub-clinical 
mastitis (SCM). Visible signs and symptoms can be easily 
noticed in CM cases, for instance, swelling in the udder, 
watery and discoloured milk [2]. In contrast, it is not the 
same in the case of SCM as symptoms are not evident, 
and are often detected by Somatic cell counting (SCC), 
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Abstract
Mastitis has been a major challenge in dairy industry incurring heavy loss to dairy farmers. Although targeted 
antibiotic regime is successful for culturable microbes, the non-culturable and novel microbes are often overlooked. 
Hence, the present study employed a whole-metagenome profiling to investigate and compare the microbial 
diversity among the milk samples of healthy and affected buffaloes. 16 Milk samples were collected from Murrah 
buffaloes and classified into three groups based on the somatic cell count and California Mastitis Test score, i.e., 
Clinical (3), Sub-clinical (6), and Healthy (7). DNA extraction from milk was followed by Whole Meta-Genome 
Shotgun (WGS) sequencing to study microbial diversity. The study revealed that Proteobacteria as the most 
abundant phylum in the clinical mastitis cases, which could be related to the severity of the disease, whereas 
Firmicutes were strongly associated with the healthy group of buffaloes. The genus Acinetobacter was most 
abundant in clinical cases (79%) and least in healthy animals (33%). The present study provides important insights 
into the microbial population and composition in the milk of mastitis-affected buffaloes. The findings will aid in 
investigating potential therapeutic ways for reducing antibiotic resistance and treatment costs.
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However, the mortality rate of young calves was 
observed to be high due to mother buffalo mastitis [1]. 
Bacterial infections are the primary cause of mastitis in 
buffaloes, and these infections can be exacerbated by 
poor management practices, environmental conditions, 
and nutritional deficiencies. Bardhan [5] estimated an 
average monthly loss of INR 1,934.78 per buffalo due to 
mastitis. Singh et al. [27] reported an annual economic 
loss of INR 24,175 per buffalo, with treatment costs being 
a major contributor. Das et al. [11] noted a 2.58 L daily 
milk yield reduction in subclinical mastitis cases, with 
INR 647.36 (50.87% of total loss) spent on treatment and 
INR 625 (49.12%) attributed to production losses.

Shotgun metagenomics (shotgun means untargeted 
and metagenome means microbial genome) [54] is a 
powerful approach to studying the whole genome, which 
includes the genome of all microbial communities rang-
ing from archaea to viruses, which will further allow the 
identification of the strain level and detailed functional 
characterization. Whereas, 16  s rRNA gene sequencing 
provides details about the bacterial community based on 
the sequence of 16 s rRNA, a conserved region. Metage-
nome analysis can help diagnose and treat mastitis in 
buffalo. For instance, Jiang et al. [15] studied microbial 
diversity, which provides a way for treatment options, 
as they investigated the water extracts of Chinese herbal 
that can effectively inhibit the growth of Escherichia 
coli, Staphylococcus aureus, and Klebsiella pneumoniae. 
By analyzing the entire genetic material of a microbial 

community, metagenomics enables the identification of 
functional genes and metabolic pathways that are critical 
for microbial-host interactions.

This study aimed to analyze and compare the micro-
bial communities in milk samples from Murrah buffaloes 
under three conditions: healthy, subclinical mastitis, and 
clinical mastitis (Fig. 1).

Materials and methods
Sample collection
A total of 16 milk samples were collected from the Mur-
rah breed housed at the ICAR-Central Institute for 
Research on Buffaloes (CIRB), located in Hisar, Haryana, 
India (latitude 29.1492° N, longitude 75.7217° E). The 
samples were collected during the post-monsoon season. 
More description of milk samples collected from animals 
with clinical mastitis (MC), subclinical mastitis (MS), 
and healthy condition (HG), including animal informa-
tion (Parity, Lactation Stage, and Yield), is provided in the 
supplementary data (Table S1). This seasonal period was 
characterized by moderate temperature and high humid-
ity, creating favorable microbial growth and activity con-
ditions. At ICAR-CIRB, Murrah buffaloes are fed with 
seasonal green and dry fodder along with oilseed cakes 
and salts for minerals that maintain the physical health 
of buffaloes and fulfil nutrient needs for physiological 
balance.

Before the sample collection, the udder of each animal 
was well-cleaned to remove dirt and fecal matter. After 

Fig. 1  Overall experimental workflow depicting animal screening and sampling, metagenome processing, and downstream analysis
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cleaning up, the teats and udder were washed with 70% 
ethanol to disinfect. Milk samples were visually assessed 
to check the irregularities in color, texture, and consis-
tency. 50 ml of each milk sample was collected aseptically 
in 50  ml sterile autoclaved Falcon tubes. After collec-
tion, the samples placed on ice, were brought into the 
laboratory.

Sample screening for mastitis
Buffaloes were grouped into three categories based on 
their mastitis status, and their health was evaluated 
through physical observation, the California Mastitis 
Test (CMT), and Somatic Cell Counts (SCC). This clas-
sification was based on the study by Dhakal [31], which 
found that normal Somatic Cell Counts (SCC) in Murrah 
buffaloes are typically ≤ 200,000 cells/ml, with more than 
64% of healthy quarters having SCC ≤ 100,000/ml. Higher 
SCC values, particularly ≥ 200,000 cells/ml, indicate sub-
clinical mastitis. Clinical cases were initially assessed 
based on observable symptoms. Udder abnormalities 
included swelling, redness, and a watery appearance of 
the milk with clots, which were later confirmed using 
the California Mastitis Test (CMT). The average somatic 
cell count (SCC) for cases of mastitis were observed to 
be more than 4,00,000. Table 1 provides the average SCC 
for the categorized animals. Using these criteria, the buf-
faloes in this study were divided into healthy, subclinical, 
and clinical groups based on their SCC, CMT, and clini-
cal signs.

The CMT was performed by mixing approximately half 
a teaspoon of milk with an equal amount of CMT reagent 
and gently rotating the mixture to ensure thorough 
blending. The score was recorded within ten seconds 
while still rotating, as the reaction tends to break down 
after about 20 s.

Bacterial DNA isolation and assessment
The DNA was extracted by DNeasy® PowerFood® Micro-
bial Kit (QIAGEN, Germany) following the manufactur-
er's instructions. The purity and concentration of DNA 
were checked by a micro-ultraviolet spectrophotometer 

(USA, ThermoFisher). The purity of DNA was deter-
mined based on the OD260/OD280 ratio (1.8–2.0) and 
was adjusted to a DNA concentration of 20–200 ng/μL. 
All extracted DNA samples were stored at − 20 °C for fur-
ther analysis.

Sequence library preparation
The samples were outsourced for sequencing by NGB 
Diagnostics Pvt. Ltd, India. 1  μg DNA per sample was 
used for library preparation. Sequencing libraries were 
generated using NEBNext® Ultra™ DNA Library Prep Kit 
for Illumina (NEB, USA) following the manufacturer's 
recommendations. Index codes were added to attribute 
sequences to each sample. Briefly, DNA libraries of frag-
ments (approximately 400 bp long) were prepared sepa-
rately for each sample. The samples were sequenced on 
an Illumina HiSeq Xten instrument (Illumina, San Diego, 
California, USA). Paired-end reads (151 bp) were gener-
ated in both forward and reverse directions.

Metagenome data analysis
Read quality check
Raw sequencing reads were first subjected to quality con-
trol checks using FastQC (version 0.11.8) ​h​t​t​p​​:​/​/​​w​w​w​.​​b​i​​
o​i​n​​f​o​r​​m​a​t​i​​c​s​​.​b​a​​b​r​a​​h​a​m​.​​a​c​​.​u​k​/​p​r​o​j​e​c​t​s​/​f​a​s​t​q​c. This tool 
was used to evaluate the metrics. Important qualities to 
ensure the reliability of the data before downstream anal-
ysis, including base quality score distribution, sequence 
quality score distribution, average base content per read, 
and GC distribution in the reads were checked.

Adapter trimming
After quality assessment, raw reads were processed to 
remove adapter sequences using TrimGalore (version 
0.6.6). Illumina's universal adapter was specifically tar-
geted for trimming to ensure that contamination of the 
adapter is minimized. After pruning, only high-quality 
reads without adapter sequences were kept for further 
analysis.

Taxonomical classification
The trimmed reads were then mapped to the Kaiju data-
base ​h​t​t​p​​s​:​/​​/​b​i​o​​i​n​​f​o​r​​m​a​t​​i​c​s​-​​c​e​​n​t​r​​e​.​g​​i​t​h​u​​b​.​​i​o​/​k​a​i​j​u​/, 
which is a fast and sensitive taxonomic classification of 
high-throughput sequencing reads from metagenomic 
whole genome sequencing and meta-transcriptomic 
experiments. Each sequencing read was assigned to a 
taxon in the NCBI taxonomy by comparing it to a refer-
ence protein database containing microbial and viral pro-
tein sequences. By using protein-level classification, Kaiju 
achieves a higher sensitivity compared with methods 
based on nucleotide comparison [29]. The Krona chart 
was then plotted from the kaiju mapping file [21].

Table 1  Information on sampled buffaloes
Animal 
status

Threshold 
SCC (cells/
mL) of the 
samples

Observed 
SCC (cells/
mL) of the 
samples

Clinical symptoms CMT

Healthy (7) ≤ 100,000 93,000 Normal milk Neg-
ative

Subclinical 
(6)

200,000–
400,000

2,65,000 No visible 
symptoms

Posi-
tive

Clinical (3) ≥ 400,000 5,23,000 Swelling & redness 
of udder and teats, 
with clots and 
abnormal milk

Posi-
tive

http://www.bioinformatics.babraham.ac.uk/projects/fastqc
http://www.bioinformatics.babraham.ac.uk/projects/fastqc
https://bioinformatics-centre.github.io/kaiju/


Page 4 of 21Sharma et al. BMC Microbiology          (2025) 25:703 

Taxonomical profile plotting
After taxonomic classification, we performed in-depth 
statistical visualization of microbial data using Micro-
biomeAnalyst (​h​t​t​p​​s​:​/​​/​w​w​w​​.​m​​i​c​r​​o​b​i​​o​m​e​a​​n​a​​l​y​s​t​.​c​a​/), a 
web-based tool for comprehensive analysis of microbial 
datasets. The tool offers a variety of statistical techniques 
and visualization options for data interpretation [30]. Bar 
plots were created to visualize the relative abundance of 
taxa at different taxonomic levels (e.g., phylum, genus, 
and species). LefSE analysis (Linear discriminant analy-
sis effect size) was used to identify classes with different 
abundances between samples. This method combines 
statistical significance testing and effect size estimation to 
help identify biomarkers associated with different condi-
tions (e.g., healthy vs. mastitis). Heat maps were created 
to visualize the abundance of classes in a sample, which 
allowed us to identify clustering patterns among samples 
with similar taxonomic structures. This reveals possible 
relationships with specific experimental conditions. Hier-
archical grouping of samples is done using dendrograms 
for a tree-like visualization of the relationships between 
samples based on their microbial profiles.

Bacterial taxonomic diversity
Alpha diversity
Microbial community diversity was estimated with both 
alpha and beta diversity metrics. Alpha diversity (diver-
sity within samples) was estimated using the Shannon 
index and Simpson index for all three groups of samples 
[45]. Shannon’s index H estimates taxa diversity by com-
bining richness and evenness, measuring the uncertainty 
in predicting a species of an individual from a commu-
nity. It ranges from 0 to a maximum based on the number 
of species and their relative abundances. A higher value 
indicates greater diversity, with the index emphasizing 
taxa richness. The value increases with more species and 
a more even distribution of individuals [46].

	
H′ = −

s∑
i=1

pilog (pi)

where, s is the number of OTUs and pi is the proportion 
of the community represented by OTUi.

Simpson’s index D measures taxa diversity, combining 
richness and evenness but emphasizes evenness. It indi-
cates taxa dominance and the likelihood of two randomly 
chosen individuals belonging to the same taxa, ranging 
from 0 to 1. The index increases as diversity decreases. 
It reflects species dominance and the chance of two indi-
viduals being from the same species, with higher values 
indicating lower diversity [47].

	
D = 1∑s

i=1P 2
i

where, s is the total number of species in the community 
and pi is the proportion of community represented by 
OTUi.

Beta diversity
Customized R scripts were employed to evaluate the dis-
parities in microbial community composition between 
clinical mastitis and healthy samples at the genus level. 
Bray–Curtis dissimilarity matrices were computed based 
on normalized genus abundance data utilizing the vegan 
R package [48]. Principal Coordinate Analysis (PCoA) 
was conducted to illustrate beta diversity patterns among 
samples. The statistical significance of group differ-
ences was assessed using Permutational Multivariate 
Analysis of Variance (PERMANOVA), executed through 
the adonis2 function in the vegan package with 9,999 
permutations.

Statistical analysis
Pairwise t-test was applied to determine statistically sig-
nificant differences in microbial diversity between the 
clinical, subclinical, and healthy sample groups. To cor-
rect the multiple testing, the p-value was adjusted using 
the Benjamini–Hochberg method to control the False 
discovery rate (FDR). Adjusted p-values below 0.05 were 
considered statistically significant. All analyses were con-
ducted using R version 4.4.2.

Functional analysis
Adapter-trimmed sequencing data were assembled into 
a de novo assembly using SPAdes (v.3.15) software for 
metagenomic assembly with default parameters. Gene 
prediction on these contigs was performed with Meta-
GeneMark, which employed an existing lineage-specific 
database to accurately identify potential coding regions. 
CD-hit (v.4.6) was then used to generate a non-redun-
dant set of nucleotide genes based on sequence similar-
ity [51]. This non-redundant gene set was aligned with 
the updated NR (Non-Redundant) database using DIA-
MOND (v.2.0.2), facilitating rapid and sensitive homol-
ogy searches for functional annotation [49]. To gain 
further functional understandings, the predicted genes 
were annotated through the UniProt database, using Ref-
Seq (NRID) identifiers to retrieve detailed annotations, 
including gene names, functions, and associated path-
ways [50].

Results
Sequence results
The raw FastQ sequences upon quality check revealed the 
dataset comprised 5.5 million to 11.6 million paired-end 

https://www.microbiomeanalyst.ca/
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reads per sample with an average read length of 151 bp. 
In terms of total average reads, the subclinical group had 
the highest count (9.76 million), followed by the clinical 
group (8.27 million) and the healthy group (7.67 million). 
The average GC content for the groups was 45.17% for 
subclinical, 44.86% for healthy, and 43.33% for clinical 
(Table 2).

Dominant microbial community and taxonomy assessment
Phylum level distribution
Several microbial phyla showed varied abundance, some 
specific to a single group, while others were shared across 
multiple groups. The buffalo’s milk comprises various 
microbes belonging to different phyla, including Pro-
teobacteria, Firmicutes, Actinobacteria, Deinococcus-
Thermus, Bacteroidetes, Cyanobacteria, Candidatus sp., 
and others. The milk microbiota composition revealed 

significant differences in the relative abundance among 
clinical (Group I), sub-clinical (Group II), and healthy 
(Group III) buffalo groups. Proteobacteria were the most 
prevalent across all categories, peaking in clinical masti-
tis samples at 79.61%, 62.45% in sub-clinical, and 44.25% 
in healthy animals (Fig. 2a). Conversely, the abundance of 
Firmicutes and Actinobacteria was lower in clinical mas-
titis samples (18.39% and 1.52%, respectively) than in sub-
clinical (33.68% and 2.84%) and healthy samples (47.02% 
and 2.89%), suggesting an inverse relationship with dis-
ease severity. The abundance patterns were also depicted 
by heat maps. The phylum-level heatmaps (Fig.  3a and 
S2a) utilized abundance data and statistical significance 
from three distinct groups, respectively. Group 2, which 
indicates cases of subclinical mastitis, demonstrated a 
higher relative abundance across several phyla, includ-
ing Chlorobi, Chlamydiae, Chloroflexi, Proteobacteria, 
Candidatus_Gracilibacteria, Actinobacteria, Acidobac-
teria, Cyanobacteria, and Bacteroidetes, among others. 
A highly significant difference in Deinococcus abundance 
was observed in healthy cases (5.05%) compared to both 
subclinical abundance, 0.017% (FDR = 2.66 × 10⁻14) and 
clinical groups, 0.008% (FDR = 7.27 × 10⁻1⁰), emphasizing 
its potential as a marker for healthy mammary microbi-
ota. This pattern is also well explained in Table S2, which 

Table 2  Read statistics in different groups
Group No. of samples Average reads per 

sample
Aver-
age GC 
content

Healthy 7 76,72,151 44.86%
Subclinical 6 97,62,219 45.17%
Clinical 3 82,71,659 43.33%

Fig. 2  Microbial abundance plot at the (a) phylum level, (b) genus level, (c) species level (where Group1: Clinical mastitis, Group2: Subclinical mastitis, 
and Group3: Healthy)
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gives a detailed account of the relative abundance of each 
phylum along with the results of statistical tests com-
paring different groups, provided in the supplementary 
material.

Genus level abundance
Considering the genus distribution, among the three 
samples, a range of microbes was present in the healthy 
group of buffaloes. Clostridium (36%) predominantly 
forms a large proportion of healthy microbiota, whereas 
Acinetobacter (33%) was less abundant as compared to 

the CM (76%) and SCM (52%) groups. Acinetobacter was 
found in the clinical mastitis cases. Some genera were 
specific to only healthy groups, for instance, Deinococcus, 
Bacillus, Enterococcus, Streptococcus, Escherichia, Rho-
dobacter, and others; however, they were less abundant 
(Fig. 2b). Abundance-based and significance heatmap at 
genus level (Fig. 3b and S2b) highlighted that Exiguobac-
terium exhibited greater abundance in the clinical group 
than in the subclinical and healthy groups. It was shown 
to be statistically significant when compared to the sub-
clinical group (FDR = 7.19 × 10⁻⁹) and the healthy group 

Fig. 3  Representation of taxonomical composition in individual samples through heat map (a) at the phylum level, (b) at the genus level, (c) at the spe-
cies level (where Group1: Clinical mastitis, Group2: Subclinical mastitis, and Group3: Healthy)
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(FDR = 2.5613 × 10⁻4). For healthy animals, the bacte-
rial genera that were relatively abundant and statistically 
significant include Deinococcus, Streptococcus, Bacillus, 
Enterococcus, Rhodobacter, and Lactobacillus, among 
others, when assessed individually against both clinical 
and subclinical cases.

Species level distribution
A comparative analysis of bacterial species revealed that 
Clostridium botulinum was the most abundant species 
across all groups, accounting for 42.9% in healthy ani-
mals and 36.1% in subclinical cases. It was also present 
prominently in clinical mastitis cases, where it consti-
tuted 29% of the microbial profile. However, in clinical 
mastitis samples, Acinetobacter johnsonii emerged as the 
dominant species, representing 49.6%, in stark contrast 
to its lower prevalence in healthy (1.4%) and subclinical 
animals (0.7%). Subclinical mastitis cases were primar-
ily characterized by Acinetobacter sp. TTH0-4, which 
accounted for 38.5% of the microbial community, along 
with C. botulinum. There was also an increase in the rep-
resentation of Lactococcus lactis (3.1%) and Pseudomo-
nas lundensis (2.16%). In healthy animals, the microbial 
diversity was the highest, with no single species dominat-
ing. While C. botulinum and Acinetobacter sp. TTH0-4 
contributed notably; there were also unique taxa such 
as Deinococcus radiodurans (5.7%), Enterococcus faeca-
lis (3.7%), Rhodobacter sphaeroides (1.5%), and Strepto-
coccus mutans (1.3%), contributing to a more balanced 
microbial composition (Fig. 2c). In clinical mastitis cases, 
the microbial community was skewed towards domi-
nant taxa, with A. johnsonii and C. botulinum exceeding 
78% of the total community. Subclinical mastitis showed 
moderate diversity, primarily featuring two major spe-
cies: Acinetobacter. sp. TTH0-4 and C. botulinum. This 
trend was further validated by a sample-wise heatmap 
at the species level (Fig.  3c). These findings underscore 
a decline in microbial diversity from healthy animals to 

those with clinical mastitis, highlighting the increasing 
dominance of opportunistic or pathogenic taxa.

Acinetobacter as a dominant genus
Acinetobacter was the most prominent and diverse bacte-
rial genus across clinical, subclinical, and healthy groups. 
In clinical mastitis, A. johnsonii was the dominant spe-
cies, accounting for nearly half of the microbial commu-
nity (49.6%). This marked difference in relative abundance 
was significantly associated with clinical mastitis com-
pared to healthy and subclinical groups (FDR = 0.0389). A 
similar trend was observed in the case of Acinetobacter. 
sp. WCHA55 with FDR value of 0.0449 (Table 3). Other 
species, including A. baumannii (1.9%), Acinetobacter 
sp. TTH0-4 (1.6%), and A. guillouiae (1.0%), contrib-
uted at lower levels, indicating a broad representation of 
Acinetobacter species in diseased samples. In subclini-
cal mastitis, Acinetobacter sp. TTH0-4 (38.5%) replaced 
A. johnsonii as the major species, while A. baumannii 
(1.6%), A. haemolyticus (0.7%), A. schindleri (0.7%), and 
A. indicus (0.6%) were detected, suggesting greater spe-
cies richness under subclinical conditions. In healthy 
animals, Acinetobacter sp. TTH0-4 (23.1%) persisted at a 
relatively high level, alongside low proportions of A. john-
sonii (1.4%) and other species (Figure S1). This distribu-
tion was also represented in the form of a chord diagram 
for all three categories (Figure S3). These findings suggest 
that Acinetobacter is a diverse and adaptable genus, with 
Acinetobacter johnsonii standing out as the most clini-
cally significant species in mastitis cases.

Phylum- and genus-level biomarkers
Linear Discriminant Analysis (LDA) scores identified 
specific bacterial taxa that serve as biomarkers, distin-
guishing and associating bacterial communities with the 
three health status groups. At the phylum level, Proteo-
bacteria exhibited the highest LDA score, indicating a 
strong association with clinical mastitis cases. Similarly, 

Table 3  The abundance of different strains of acinetobacter species
Species Relative abundance frequency FDR

Group I: clinical Group II: Sub-clinical Group III: healthy SC vs C H vs C H vs SC
Acinetobacter_johnsonii 49.62 0.73 1.45 * *
Acinetobacter_sp._WCHA55 3.09 0.08 0.11 * *
Acinetobacter_oleivorans 0.004 0.009 0.006
Acinetobacter_bereziniae 0.14 0.18 0.12
Acinetobacter_dispersus 0.027 0.072 0.048
Acinetobacter_chinensis 0.039 0.058 0.038
Acinetobacter_nosocomialis 0.135 0.168 0.11
Acinetobacter_lactucae 0.011 0.017 0.010
Acinetobacter_sp._185 0.098 0.120 0.079
Acinetobacter_sp._TGL-Y2 0.142 0.356 0.223
*indicates significance at FDR < 0.05
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the high LDA score of Deinococcus-Thermus underscores 
its strong association with healthy animals (Fig. 4a).

The relative abundance of the phylum Deinococcus-
Thermus was significantly higher in healthy individuals 
compared to clinical mastitis cases (FDR = 7.27 × 10−10), 
suggesting a commensal role of this taxon in maintain-
ing udder health. Although the relative abundance of 
Acinetobacter was visibly higher in clinical mastitis cases 
compared to subclinical and healthy groups, the differ-
ences were not statistically significant (subclinical vs. 
clinical: p > 0.05; healthy vs. clinical: p > 0.05) (Fig.  4b). 
The relative abundance of Propionibacterium was higher 
in subclinical individuals compared to those with clini-
cal and subclinical mastitis buffalo.(Supplementary Table 
S3).

The Krona plot provides a detailed hierarchical char-
acterization of the microbial community composition, 
highlighting the taxonomic distribution and relative 
abundances of various taxa in clinical mastitis cases in 
Murrah buffalo. At the root level, the microbial commu-
nity is dominated by the domain Bacteria, which is fur-
ther divided into prominent phyla such as Proteobacteria 
and Firmicutes. Figure 5 illustrates the phylogenetic tree, 
which represents the taxonomic breakdown and propor-
tion of the phylum Proteobacteria in both clinical and 
subclinical animal samples. The microbial profile of clini-
cal mastitis samples was dominated by Proteobacteria 
(approximately 80%), with Gammaproteobacteria as the 
largest group. Acinetobacter comprised about 36% of the 
community, along with Pseudomonas and related gen-
era (Fig. 5a). This prevalence of opportunistic pathogens 

Fig. 5  Krona Chart illustrating taxonomic composition of Proteobacteria (a) clinical group and (b) in a subclinical mastitis group

 

Fig. 4  Linear Discriminant Analysis (a) Phylum-level analysis (b) Genus-level analysis (where Group1: Clinical mastitis, Group2: Subclinical mastitis, and 
Group3: Healthy)
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indicates a disrupted microbiome that likely contributes 
to inflammation and tissue damage in the udder. In con-
trast, subclinical mastitis samples showed a more diverse 
microbial composition, with Proteobacteria making up 
62% of the community. Acinetobacter represented 50%, 
while Pseudomonas and Moraxellaceae were present in 
smaller amounts (~ 2% each) (Fig. 5b). This diversity sug-
gests an earlier or less severe infection, where the host's 
immune defenses may still control microbial growth.

Group-wise comparison of specific taxa
The box and whisker plot (Fig. 6a) shows that the abun-
dance of Proteobacteria is the highest in group 1, clinical 
mastitis cases, suggesting a link between Proteobacteria 

and more severe mastitis conditions. Whereas, log-
transformed count explains the higher abundance of 
Deinococcus-Thermus in group 3, i.e., healthy, compared 
to CM and SCM (Fig.  6b). Groups 1 and 2 show near-
zero counts, suggesting a depletion in mastitis cases 
(both clinical and subclinical). Firmicutes and Chlorobi 
revealed the opposite trend. Chlorobi's highest abun-
dance was observed in the CM group, as shown in the 
log-transformed counts (Figs.  6c and 5d), suggesting its 
possible correlation with the severity of clinical mastitis. 
The lower abundance of SCM and the markedly reduced 
levels in the healthy group linked its presence to dis-
ease progression. The highest abundance of Firmicutes 

Fig. 6  Log-Transformed Abundance for different phyla: (a) Proteobacteria, (b) Deinococcus-Thermus, (c) Firmicutes, (d) Chlorobi (where Group1: Clinical 
mastitis, Group2: Subclinical mastitis, Group3: Healthy)
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suggests a potential protective or stabilizing role in 
healthy animals.

Log-transformed counts of various genera showed a 
similar trend in the case of Enterobacter, Exiguobacte-
rium, Ferrimonas, Thalassotalea, and Virgibacillus, as 
these genera were most abundant in Group 1, i.e., clini-
cal mastitis. They represent microbiota that are directly 
associated with the severe mastitis condition and high-
light their potential role as biomarkers for the disease. 
On the other hand, their abundance in subclinical cases 
varies. For instance, the levels of Enterobacter and Fer-
rimonas were lower in SCM than in healthy animals, 
whereas Exiguobacterium was nearly equal in both SCM 
and healthy animals. Thalassotalea and Virgibacillus 
were more prevalent in Group 2 (SCM) than in healthy 
ones (Fig. 7b, c, d, e and f ). Whereas, a different pattern 
was observed for Bifidobacterium, where the healthy 
group (Group 3) showed higher log-transformed counts, 
pointing to its potential role in maintaining good health 
(Fig. 7a).

Shared microbial taxa among the groups
Among the total 45 detected phyla, 41 were shared by 
all three groups. Three phyla were shared by group 2 
(Subclinical) and group 3 (Healthy), namely, Candida-
tus_Gracilibacteria, Candidatus_Korarchaeota, and 

Candidatus_Micrarchaeota. Deinococcus-Thermus was 
the unique phylum that was associated with the healthy 
group (Fig.  8a). This interpretation indicates its sig-
nificant role in maintaining udder health and microbi-
ome stability. Moreover, a large number of genera were 
reported in all three groups of animals. Of these, 1301 
genera were shared by healthy, subclinical, and clini-
cal groups. The clinical group consists of one distinctive 
genus, Aliiarcobacter (Fig. 8b).

Microbial diversity in mastitis and healthy samples
The dendrogram (Fig. 9) illustrates the hierarchical clus-
tering of microbial profiles from animals categorized 
into three groups: clinical mastitis, subclinical mastitis, 
and healthy animals. The clustering at the genus level 
demonstrates distinct groupings based on microbial 
composition.

Clinical mastitis samples cluster tightly, merging at 
lower heights, which indicates high similarity within this 
group and suggests a shared microbial signature, repre-
senting pathogenic dominance and infection severity. 
Subclinical mastitis samples form separate clusters, with 
slightly greater variability, reflecting intermediate micro-
bial states between health and disease. For instance, the 
distance matrix value between a subclinical case and 
a clinical case was relatively low at 0.241412, indicating 

Fig. 7  Log-Transformed Abundance of different genera: (a) Bifidobacterium, (b) Enterobacter, (c) Exiguobacterium, (d) Ferrimonas, (e) Thalassotalea, (f) 
Virgibacillus (where Group1: Clinical mastitis, Group2: Subclinical mastitis, and Group3: Healthy)
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a high level of microbial similarity. This similarity is 
reflected in their clustering together in the dendrogram, 
suggesting that the microbial communities of these two 
cases share certain similarities despite differing health 
statuses.

Healthy samples cluster separately and show greater 
diversity, reflecting a balanced microbial community. The 
clear separation between clinical, subclinical, and healthy 
groups highlights distinct microbial community struc-
tures associated with disease severity and health status.

OTU (Operational Taxonomic Unit) diversity
Alpha diversity metrics for healthy and diseased groups
Shannon and Simpson diversity indices were used to 
measure community diversity, which explains the rich-
ness (number) and evenness (distribution) of specific 
groups or taxa in a population. They provide complemen-
tary insights into microbial diversity.

Shannon diversity indices
At the phylum level, the healthy group exhibited the high-
est Shannon diversity, with a median index of approxi-
mately 1.0, indicating a stable and diverse microbial 
community. In contrast, clinical and subclinical mastitis 
groups showed reduced diversity, with a median index of 
0.8 and 0.9, respectively, suggesting microbial dysbiosis in 
these conditions. A consistent trend was observed at the 
genus level, with the healthy group showing the highest 
diversity, clinical mastitis cases showing the lowest, and 
subclinical cases displaying intermediate diversity with 
notable variability.

Similarly, at the species level, the healthy group 
maintained the highest diversity (median index ~ 2.5), 
reflecting a balanced and resilient microbial ecosystem. 
The clinical group displayed a markedly lower diver-
sity (median index ~ 2.0), likely dominated by a few 

pathogenic species. The subclinical group demonstrated 
high variability in species-level diversity, ranging from 
extremely low to relatively high values, indicating tran-
sitional states or heterogeneity in microbial composition 
(Fig. 10).

Simpson diversity indices
The Simpson diversity index plots at the genus, phy-
lum, and species levels demonstrate the overall diversity 
trends across the three groups (Group 1, Group 2, and 
Group 3). At all taxonomic levels, Group 3 (healthy indi-
viduals) consistently exhibits the highest Simpson index 
values, indicating the greatest microbial evenness and 
diversity. Clinical mastitis cases show moderately high 
diversity with some variability, while subclinical masti-
tis cases consistently have the lowest diversity and most 
compact distributions across all taxonomic levels. These 
results highlight a clear decline in microbial diversity 
and evenness in the mastitis-affected groups, particularly 
in subclinical cases, suggesting that mastitis influences 
microbial composition and richness (Fig. 11).

Beta diversity metrics for healthy and diseased groups
Beta diversity examines variations in microbial com-
position across different samples or groups. Principal 
coordinate analysis (PCoA) utilizing the Bray–Curtis dis-
similarity index assesses similarity among various popu-
lations through both quantitative and qualitative analysis 
of OTU occurrences. The two-dimensional PCoA plot 
portrays nearly 89.31% of the total variance at the genus 
level. The clinically affected samples were clustered sepa-
rately with its centroid visibly distant from the centroids 
of the sub-clinical and healthy groups (Fig. 12). Statisti-
cal analysis using PERMANOVA (adonis2) supported 
these findings, indicating a significant effect of group on 
microbial community structure (R2 = 0.303, p = 0.049), 

Fig. 8  Venn Diagram representing Shared and Unique microbial taxa at different levels (a) phylum, (b) genus, in the milk microbiome composition and 
udder status
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accounting for about 30.3% of the overall beta diversity 
variation. The PCoA plot organizes samples based on 
total microbial abundance. At the genus level, analy-
sis showed that the two healthy samples displayed high 
levels of Acinetobacter and Clostridium, which are often 
linked to clinical mastitis cases. Similarly, these healthy 
samples showed the significant abundance of Acineto-
bacter and Clostridium. The similarities in microbial 
profiles may explain the proximity of these two healthy 
samples to the clinical cluster in the PCoA, suggesting 
that these animals could be harboring subclinical infec-
tions or early-stage dysbiosis despite being classified as 
healthy.

Functional analysis
Among the total of 58,837 identified genes in the over-
all milk metagenome, there were 14,887 GO annotated 
genes that were assigned into the biological processes 
(8,751), cellular components (9,365), and molecular func-
tions (12,523). Most prominent molecular functions were 
catalytic activity (15.2%), binding (12.1%), and trans-
porter activity (2.9%). Metabolic (11.3%) and cellular 
processes (11.4%) were the prominent terms of the bio-
logical processes (Fig.  13a). Biosynthesis of amino acids 
(515 genes), carbohydrate metabolism (110 genes), lipid 
metabolism (158 genes), and energy-related processes 
such as the TCA cycle (76 genes), glycolysis (47 genes), 
and oxidative phosphorylation (16 genes) were evident 
for the pathway analysis. Notably, the cell wall biogenesis 
process associated with the peptidoglycan biosynthetic 

Fig.  9  Genus-level microbial clustering (where C represents Clinical mastitis samples, SC represents Subclinical mastitis samples, and H represents 
Healthy samples.)
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pathways (94 genes) and membrane lipid metabolism 
was prominent and indicative of their roles toward 
the structural integrity of the cell wall (Fig.  13b and c). 
In addition, cofactor biosynthetic, nucleotide metabo-
lism, and carbohydrate degradation were prominent and 
indicative of an active microbial input toward the utiliza-
tion of energy, cell restoration, and interaction with the 
host. Reads associated with Deinococcus demonstrated 

an enrichment of pathways related to the metabolism 
of galactose, xylulose, and glucose. Additionally, there 
was notable enrichment in the biosynthesis of coen-
zyme A and cofactors, as well as in sodium-proton and 
potassium-proton antiporters. Other enriched pathways 
included phosphoryl response regulators, DNA repair 
enzymes like helicases, and NADPH-dependent antioxi-
dant systems (Figure S4).

Fig. 11  Simpson plots representing alpha diversity indices at (a) phylum level, (b) genus level, (c) species level (where Group1: Clinical mastitis, Group2: 
Subclinical mastitis, and Group3: Healthy)

 

Fig. 10  Shannon plots representing alpha diversity indices at (a) phylum level, (b) genus level, (c) species level (where Group1: Clinical mastitis, Group2: 
Subclinical mastitis, and Group3: Healthy)
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Discussion
The study of mastitis, a common inflammatory condi-
tion in dairy animals, is often hindered by the inability 
to culture certain bacterial pathogens using conventional 
methods. Only about 1% of bacteria are culturable, leav-
ing the majority of microbial diversity unexplored [22]. 
This limitation leaves gaps in understanding the com-
plexity of mastitis microbes. Shotgun metagenomic 
sequencing addresses this challenge by allowing the 
direct sequencing of DNA from milk samples, with-
out the need for culturing. Several studies have utilized 
metagenomic approaches to investigate the microbiome 
of bovine milk and various buffalo breeds, linking it to 
udder health status. However, the association of micro-
bial diversity and its practical application remain limited 
and underexplored in the Murrah buffalo breed.

The sequencing data obtained for the milk metagenome 
study were sufficient to capture the microbial profile and 
significant taxonomic and functional information associ-
ated with mastitis. In a study, Hillmann et al. [55] dem-
onstrated that shallow sequencing provides nearly the 
same accuracy at both the species and functional levels 
as deep whole metagenome sequencing for known spe-
cies and genus in five key aspects of microbiome analysis: 
beta and alpha diversity, species composition, functional 
composition, and clinical biomarker discovery. The same 
study also demonstrated that shallow sequencing cannot 
be used for strain-level characterization; however, in our 
research, several strains have been detected for numer-
ous genera. For instance, approximately 20 strains of the 
key genus, Acinetobacter, have been spotted.

A small sample size poses challenges for fully validat-
ing disease-associated microbial changes and may pose a 
lower statistical power in many cases. The sampling strat-
egy in the present study was completely dependent on 
the natural occurrence of clinical and sub-clinical masti-
tis cases in the buffaloes. As clinical mastitis has a lower 
rate of incidence in Buffaloes, only a few buffaloes exhib-
iting clinical symptoms of mastitis could only be included 
in the study. Stringent test statistics were applied to 

check for false positives and avoid the overestimation of 
abundances of some taxa due to low sample size. Further-
more, functional analysis was also conducted to support 
the findings, however, validation of the reported abun-
dance taxa in relation to disease progression may be fur-
ther explored in large samples to establish its true role in 
causing mastitis in Murrah buffaloes.

The microbiota present in milk is diverse, comprising 
both beneficial and harmful bacteria from the buffalo's 
udder environment. Some of these bacteria can lead to 
intramammary infections or mastitis in buffalo, making 
it crucial to identify the pathogens for effective treat-
ment. In addition to traditional microbiological methods, 
metagenomics provides an in-silico approach to analyze 
the complete microbial community, covering even non-
culturable species, which aids in pathogen detection and 
assessing udder health. Initial metagenomic research on 
mastitis used 16S rRNA gene pyrosequencing in cattle, 
exposing a complex variety of microbes linked with both 
subclinical and clinical mastitis [6, 32]. Jiménez et al. [33] 
used shotgun metagenomics in human mastitis cases to 
reveal a wider array of microbial and viral communities 
present in milk. One of the earliest uses of whole-genome 
sequencing (WGS) metagenomics in mastitis research 
was performed by Hoque et al. [14], who discovered 
significant changes in microbial communities and func-
tional gene profiles in bovine milk.

The present study was mainly focused on the identifi-
cation and comparison of microbiota present in clinical, 
subclinical, and healthy Murrah. The milk metagenome 
of Nilli Ravi has been explored using whole genome shot-
gun (WGS) sequencing [24], however, similar studies in 
Murrah buffaloes for microbial diversity have not been 
conducted regarding mastitis. Salman et al. [26] reported 
that Proteobacteria were the predominant phylum in the 
healthy group and Firmicutes in the subclinical and clini-
cal groups. The same team also explored the microbiota 
of mastitic Sahiwal cows, and Proteobacteria were domi-
nant in the healthy group and subclinical mastitis group 
(56.48% and 48.77%, respectively) as compared to the 

Fig. 12  PCoA plot using Bray–Curtis matrices representing beta diversity indices of microbial communities at the genus level
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Fig.  13  Functional pathway analysis representing (a) Top gene ontology terms for biological process, molecular function, and cellular components 
enriched for the complete microbiome (b) KEGG pathways enriched for the complete microbiome (c) Top 10 GO terms for biological process, molecular 
function, cellular components, and pathways associated with Acinetobacter spp
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clinical mastitis group (2.68%). In contrast, Firmicutes 
were abundant in the clinical mastitis group (64%) as 
compared to the healthy and subclinical mastitis groups 
(15.87% and 38.98%, respectively), however, our stud-
ies depicted that Proteobacteria were most abundant in 
clinical cases and Firmicutes in the healthy group. Patel et 
al. [23] conducted a comparative analysis of the metage-
nome utilizing 16S rRNA techniques in clinical and 
subclinical cases of Surti and Mehsana buffaloes. Their 
findings indicated that Firmicutes (57%) was the predom-
inant phylum, followed by Proteobacteria (16%). At the 
family level, they observed lower abundances of Morax-
ellaceae, whereas our study demonstrated an opposite 
trend, with Moraxellaceae becoming the most prominent 
bacterial family in cases of clinical mastitis (76.7%). In 
their research, Staphylococcaceae (23%) and Enterococ-
caceae (27%) dominated the subclinical samples, while 
Streptococcaceae (31%) was more prevalent in clinical 
mastitis. Conversely, our subclinical mastitis cohort was 
predominantly characterized by Moraxellaceae (52.4%) 
and Clostridiaceae (30.2%), with Streptococcaceae (3.1%) 
and Enterococcaceae (0.11%) detected at significantly 
lower levels compared to their research. These differ-
ences suggest breed-specific and methodological factors 
influence microbial dominance, with Moraxellaceae key 
in Murrah mastitis and Firmicutes in Surti and Mehsana 
buffaloes. A similar study was done on cow breeds from 
different regions and revealed that in the taxon-phylum, 
bacteria are dominated by Actinobacteria (36.38%), and 
the dominant genus was Corynebacterium_1 (20.53%) in 
mastitis cases [17]. According to metagenomic research 
on the microbiota of water buffalo milk during sub-clin-
ical and clinical mastitis, Catozzi et al. [10] correlated 
two major genera with subclinical mastitis, i.e., Acineto-
bacter and Pseudomonas, whereas no genera were asso-
ciated with the clinical cases. Braem et al.  [56] used a 
culture-independent technique to analyze the teat apex 
microbiota of dairy cows using Denaturing Gradient Gel 
Electrophoresis (DGGE), targeting the V3 region of the 
16S rRNA gene. They found that Acinetobacter was the 
most prevalent genus, colonizing 52% of all teat apices. 
This aligns with our findings, where Acinetobacter was 
also an abundant genus in both clinical and subclinical 
mastitis cases.

Our findings are consistent with prior research focused 
on the metagenomic analysis of bovine milk. Hoque et al. 
[14] examined the correlation between microbiome sig-
natures and functional biases in bovine mastitis, identify-
ing Proteobacteria as the most prevalent phylum in both 
clinical and subclinical cases, with Acinetobacter (60.14%) 
being the dominant genus. Similarly, our deep sequenc-
ing results revealed a comparable trend, showing the 
highest abundance of Acinetobacter in the clinical masti-
tis (CM) group (76%) and the subclinical mastitis (SCM) 

group (52%). Our metagenomic analysis of Murrah milk 
microbiota across healthy, subclinical mastitis (SCM), 
and clinical mastitis (CM) groups shows distinct micro-
bial patterns that confirm and extend the findings from 
Jiang et al. [15] 16S rDNA study of the same breed's milk. 
Both studies indicate that microbial diversity is largely 
stable between healthy and mastitis-affected samples. At 
the phylum level, Proteobacteria, Firmicutes, and Actino-
bacteria are dominant in both studies. Clinical mastitis 
samples display a significant increase in Proteobacteria 
(~ 80%), while healthy milk shows a higher proportion of 
Firmicutes (47.02%) during our research. Moreover, Aci-
netobacter species play different roles in disease progres-
sion at the genus and species levels. Our results indicate 
that many Acinetobacter species are significantly more 
abundant in the subclinical mastitis group, suggesting 
their early involvement in the development of mastitis. 
Conversely, Acinetobacter johnsonii is mainly associated 
with the clinical mastitis group, accounting for nearly 
half (49.6%) of the microbial community in CM samples, 
but only small fractions in SCM (0.73%) and healthy 
groups (1.45%). This trend aligns with earlier research on 
bovines. For instance, Hoque et al. [34] identified A. john-
sonii XBB1 as the most common strain in clinical mastitis 
milk (59.92%), compared to a significantly lower presence 
in healthy milk (36.2%) and nearly absent in SCM and 
recurrent mastitis (< 0.5%). This indicates that A. john-
sonii could be a key pathogen in transitioning to clinical 
mastitis. While they identified Acinetobacter in high-SCC 
bovine milk, they did not differentiate between species-
level differences or explicitly distinguish subclinical from 
clinical cases, underscoring the superior resolution pro-
vided by metagenomics in our research. Acinetobacter 
was isolated with a frequency also considered high of 
12.5%, in the study performed by Andrea Vásquez-Gar-
cía et al. [57], which mainly focused on the isolation and 
phenotypic characterization of the main microorgan-
isms that cause subclinical mastitis in Bubalus bubalis. 
Comparable trends were identified in cows with clinical 
mastitis samples in Korea [19]. The association of this 
bacterium with subclinical mastitis in buffaloes presents 
a hurdle for the treatment and control of the disease.

The findings of this study underscored that the milk 
microbiota from healthy quarters exhibited notably 
greater OTU diversity compared to samples from clinical 
and subclinical mastitis cases. Shannon and Simpson's 
plots for alpha diversity revealed that the healthy group 
exhibited greater microbial diversity compared to clini-
cal and subclinical cases. For example, the Shannon index 
value for one of the healthy samples was 1.03, and for 
the clinical sample was 0.26. These findings are consis-
tent with Oikonomou et al. [20], who observed a reduced 
Shannon index in clinically affected quarters in cow’s 
milk. Moreover, Falentin et al. [12] also reported that the 
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Shannon index of healthy (7.8) quarters was significantly 
higher compared to clinical mastitis (6.5) quarters during 
bovine teat microbiome analysis. Another study of milk 
microbiota in bovines by Hoque et al. [14] explained the 
same trend of the Shannon index.

In the course of our research, a beta diversity analy-
sis was performed utilizing Bray–Curtis dissimilarity 
and was visualized through principal coordinate analy-
sis (PCoA). It explained the clear progression from sta-
bility (healthy) to variability (subclinical) and then to 
pathogenic dominance (clinical). This analysis elucidated 
distinct clustering patterns, effectively distinguishing 
clinical mastitis (CM) samples from subclinical masti-
tis (SCM) and healthy samples. Such findings align with 
the study conducted by Urrutia-Angulo et al. [28], which 
indicated that the observed beta diversity differences 
between CM and other groups were predominantly influ-
enced by the prominence of microbial dysbiosis in CM 
samples. Remarkably, our observation of overlapping 
clusters between SCM and healthy samples validates the 
results found by M.M. Salman et al. [25], suggesting that 
the microbiota of healthy and SCM animals might mir-
ror transitional phases from infection to recovery, with 
shared bacterial taxa among the groups contributing 
to this overlap. Similarly, Salman et al. [26] recognized 
mixed diversity patterns between healthy and subclini-
cal mastitis samples in Sahiwal cattle. In addition, Hoque 
et al. [14] demonstrated that the majority of CM and 
healthy samples formed distinct clusters with signifi-
cant differences (p = 0.001), through metagenomic deep 
sequencing of bovine milk microbiota. Overall, these 
findings imply that while CM samples typically exhibit 
pronounced microbial shifts associated with dysbiosis, 
the microbial communities of healthy and SCM buffaloes 
may be influenced by factors such as subclinical infec-
tion, early-stage dysbiosis, or recovery dynamics, result-
ing in their closeness within the PCoA plot.

This report revealed that the species of Proteobacteria, 
Firmicutes, and Actinobacteria were shared among all 
three groups. Likewise, Salman et al. [26] also reported 
these phyla common to all groups. Genus Acinetobacter 
was detected in all three groups with the highest percent-
age abundance detected in the clinical mastitis group 
(76%) followed by the subclinical mastitis group (52%) 
and the least abundant in the healthy group (33%) in 
our study, however, the same metagenomic study by this 
team in Sahiwal cattle showed Caviibacter genus showed 
the significantly highest abundance in clinical masti-
tis group (31.80%) as compared to other and it was not 
detected in other groups.

Metagenomic analysis of mastitis can significantly 
enhance both diagnosis and treatment strategies. Our 
study compared the abundance of bacterial genera in 
three different groups: healthy, subclinical, and clinical 

mastitis cases in Murrah. It would help implement anti-
microbial therapies for specific genera. Catozzi et al. 
(2019) examined the microbial diversity in the milk 
microbiota of water buffalo after the intramammary 
treatment with inactivated cultures of Lactobacillus 
rhamnosus of mammary gland quarters naturally affected 
by subclinical mastitis as compared to antibiotic therapy. 
After treatment with Lactobacillus rhamnosus, the milk 
microbiota showed a reduction in the dominance of Fir-
micutes (from 60.9% to 45.2%) and Proteobacteria (from 
18.8% to 12.4%). The treatment promoted the growth of 
beneficial lactic acid bacteria (LAB), leading to a more 
balanced microbial composition in the udder.

The exploration of host immune responses and masti-
tis, metagenomic studies further reveal how commensal 
bacteria in the udder play a crucial role in reducing mas-
titis risk. Bacteria like non-Aureus Staphylococci (NAS) 
and Corynebacterium produce bacteriocins that inhibit 
harmful pathogens. Healthy udder microbiomes are 
diverse, which helps maintain balance and prevent infec-
tions. Dysbiosis is linked to higher mastitis cases, with 
clinical milk samples showing lower microbial diversity. 
Metagenomics helps identify key bacterial species that 
influence inflammation and may protect against mastitis, 
providing a way for treatment [8].

Metagenomics offers significant insights into micro-
bial compositions and the specific functions of microbes 
under various conditions. In mastitis cases, metagenomic 
studies illustrate changes in diversity that can directly 
affect disease progression and interactions between hosts 
and pathogens. Jiang et al. [15] identified Escherichia 
coli, Staphylococcus aureus, and Klebsiella pneumoniae 
as the main pathogens in high SCC animals, which were 
found through both microbiological and metagenomic 
analyses. Catozzi et al. [10] recognized 15 dominant gen-
era in buffalo milk, with several genera also noted in our 
study as prevalent in healthy samples, such as Staphylo-
coccus, Clostridium, and Aerococcus. These genera were 
identified as part of the core microbiota in healthy water 
buffalo milk samples by Catozzi et al. [10]. They were 
consistently found in healthy animals, but their abun-
dance decreased progressively in cases of subclinical and 
clinical mastitis. Our results support this trend, indicat-
ing that Staphylococcus, Clostridium, and Aerococcus 
may have similar function in preserving udder health, 
and that their disruption might contribute to the progres-
sion of mastitis. Additionally, metagenomic approaches 
enable the detection of bacteriophages linked to partic-
ular bacteria. While investigating the milk microbiome 
signatures in subclinical mastitis in cattle, Bhatt et al. [6] 
identified specific bacteriophages associated with Esch-
erichia coli, Staphylococcus aureus, Enterobacter, and 
Yersinia, which contribute to the cattle's natural resis-
tance. This research indicates that bacteriophages could 
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be utilized for targeted therapies against specific bacte-
ria responsible for mastitis. One strategy implemented 
is the production of antimicrobial substances. Typically, 
Staphylococcus aureus is a primary bacterium causing 
mastitis,however, our findings revealed it was linked to 
healthier buffaloes. This unusual pattern may relate to 
the impact of certain antimicrobial compounds on the 
Staphylococcus population during mastitis. Machan et al. 
[18] reported that Pseudomonas aeruginosa synthesizes 
antimicrobial agents like pseudomonic acid that inhibit 
Staphylococcus aureus growth, explaining its prevalence 
over Staphylococcus in the milk of Kankrej and Gir cat-
tle. Some previous insights also found Pseudomonas 
aeruginosa to be associated with subclinical cases, for 
instance, Banerjee et al. [3] screened 422 milk samples 
from bovines. They identified P. aeruginosa in 5.4% of 
subclinical mastitis cases. This aligns with our findings, 
where Pseudomonas aeruginosa was more abundant than 
Staphylococcus aureus in subclinical cases, suggesting 
that the antimicrobial properties of Pseudomonas aeru-
ginosa could be responsible for the reduced prevalence 
of major mastitis-causing bacteria in buffaloes as well. 
Additionally, the ability of some non-aureus staphylo-
cocci (NAS) species, such as S. chromogenes, to produce 
a wide range of bacteriocins capable of inhibiting the 
growth of major mastitis pathogens. For instance, Braem 
et al. [7] and Carson et al. [9] exemplify mechanisms by 
which commensal microbiota may contribute to the 
modulation of mastitis susceptibility. This aligns with our 
finding of elevated S. chromogenes levels in subclinical 
cases, suggesting it may serve a protective role by limit-
ing the proliferation of more virulent bacteria. The appar-
ent contradiction of S. aureus being linked to healthier 
buffaloes in our study may thus reflect a homeostasis 
where bacteriocin-producing NAS species or antimicro-
bial-producing microbes like Pseudomonas limit patho-
gen growth and development. Gill et al. [13] previously 
discussed using Staphylococcus phages to treat subclini-
cal mastitis dominated by S. aureus, reporting a bacte-
riological cure rate of 16.7%. These complex microbial 
processes highlight the need for further investigation into 
the causal and commensal interactions between mastitis-
associated pathogens and commensals within the buffalo 
mammary system.

Our research reported the phylum Deinococcus–Ther-
mus in buffalo milk, with significantly higher levels in 
healthy animals (⁓5%) compared to those with subclinical 
and clinical conditions. Prior findings have also reported 
the presence of this phylum in milk. For instance, Luo 
et al. [36] found Thermus (3.16%) among the core phyla 
in raw milk from various animal species, including cow, 
sheep, goat, donkey, horse, camel, and yak in Xinjiang. 
Moreover, Zhao et al. [35] identified Deinococcus–Ther-
mus with a relative abundance of 14.25% in fresh camel 

milk from Inner Mongolia. Deinococcus–Thermus may 
appear as a common component of the raw milk micro-
biome across various host species although its role as 
an environmental contaminant can’t be negated. Salter 
et al. [37] identified Deinococcus as part of the phy-
lum Deinococcus–Thermus, and its presence in negative 
(blank) controls suggests it may be a potential contami-
nant from reagents. Furthermore, Dean et al. [38] high-
lighted that contaminants from DNA extraction kits, 
teat skin, and sampling methods accounted for up to 
75% of the sequence reads in bovine milk samples. The 
non-random distribution of Deinococcus in the pres-
ent study therefore may be considered as a differen-
tially abundant taxa in healthy animals rather than a 
uniform contaminant across all samples. Few Chordata 
sequences were detected at a very low relative abundance 
of less than 0.02% across all groups, indicating the host 
DNA contamination, a common technical interference 
in metagenomics study, and do not represent the actual 
microbial community. Hoque et al. [14] investigated the 
metagenome in bovine mastitis and revealed functional 
pathways associated with bacterial colonization, chemo-
taxis, invasion, and immune modulation, emphasizing 
the role of microbial metabolism in disease progression. 
Such analysis generates differences between CM and H 
cases,genes related to specific pathways were upregulated 
in clinical cases as compared to those of healthy individu-
als. For instance, they found similar metabolic trends in 
the milk microbiome during bovine mastitis, with over-
expression of gltA and fumA linked to increased energy 
requirement and altered host–pathogen interactions. 
The higher abundance of motB, involved in chemotaxis 
and membrane structure, indicates bacterial strategies 
for colonization and persistence. Our study’s detection 
of fumA, fumC, gltA, and motB highlights the enrichment 
of metabolic pathways such as carbohydrate metabolism, 
the TCA cycle, and bacterial chemotaxis.

Functional analysis of Acinetobacter, a gram-negative 
bacterium, highlighted the peptidoglycan biosynthe-
sis pathway as a key biological process. Peptidoglycan, a 
crucial part of the bacterial cell wall, provides structural 
strength, preserves cell integrity, and shields the cell from 
external stress. Pavelka et al. [40] offered detailed insights 
into the genes and enzymatic steps involved in bacterial 
cell wall formation, focusing especially on peptidoglycan 
synthesis. Our study identified the same genes, mraY, 
ftsI, glmU, uppS, murA, murD, murF, murE, nagZ, and 
LysM, which are essential to this pathway and emphasize 
their role in maintaining bacterial integrity under condi-
tions like host immune response. Host transmembrane 
proteins sense bacterial components in the cytosol, with 
PRRs, TLRs, and NLRs serving as core sensors. NOD1 
recognizes iE-DAP, a dipeptide found mainly in Gram-
negative bacterial peptidoglycan, while NOD2 detects 
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MDP, present in all bacterial peptidoglycans [41, 42]. 
NOD1 activation triggers the NF-κB pathway, result-
ing in neutrophil recruitment, cytokine release, and 
bacterial clearance during intramammary infections in 
cows [44]. Wang et al. [43] corroborate this by showing 
that peptidoglycan fragments released during bacterial 
growth activate innate immune responses via TLR2 and 
NOD2 in mammary tissue, leading to increased pro-
inflammatory cytokines such as TNF-α, IL-1β, and IL-6. 
This suggests that heightened peptidoglycan synthesis 
may significantly contribute to inflammation in mastitis.. 
On the other hand, some species of Deinococcus, a non-
pathogenic bacterium, i.e., Deinococcus radiodurans, 
first described as a radiation-resistant environmental 
bacterium, is not known to be pathogenic to humans 
or animals [52, 53]. The higher abundance of Deinococ-
cus radiodurans (nearly 6%) in healthy milk compared to 
mastitis samples suggests it is better adapted to the non-
inflamed mammary environment and may act as a com-
mensal organism rather than a pathogen. Our functional 
analysis shows enrichment in pathways related to carbo-
hydrate metabolism, coenzyme and cofactor biosynthe-
sis, membrane transporters, DNA repair enzymes, and 
antioxidant pathways, indicating resilience and metabolic 
independence instead of host invasion or toxin produc-
tion. This reinforces the non-pathogenic role of Deino-
coccus in the mammary microbiome.

A comparative assessment of milk microbiome stud-
ies shows that environmental factors, feeding practices, 
and sampling methods significantly affect outcomes. 
Bhatt et al. [6] noted differences in microbiome compo-
sition between indigenous and crossbred cattle in Guja-
rat, highlighting the impact of breed and management. 
Hoque et al. [14] examined mastitis in various Bangla-
deshi districts, where breed and farm practices likely 
caused variability. Conversely, Urrutia-Angulo et al. [28] 
focused on a large Spanish Holstein–Friesian herd under 
strict management, differing from smaller Asian farms. 
Salman et al. [24] controlled management bias in Nili 
Ravi buffalo farms in Pakistan, although environmental 
heat stress was still a factor. In the current study at ICAR-
CIRB, Hisar, India, post-monsoon conditions favorable 
for microbial activity were examined in Murrah buffa-
loes, following strict hygiene during sampling. This study 
used aseptically collected milk samples per animal and 
classified buffaloes into healthy, subclinical, and clini-
cal mastitis groups. As noted by Oikonomou et al. [39], 
host factors, farm management, and sampling designs 
are crucial in determining microbiome profiles, explain-
ing inconsistencies in milk microbiome research across 
studies. Our study provides important information on 
the microbial population and composition in the milk 
samples from the mastitis buffaloes. However, the actual 
clinical role of the differentially abundant taxa such as 

Acinetobacter may be further studied and validated with 
a larger sample size to implicate its causality for clinical 
mastitis in Murrah buffaloes. This information can be 
further used to devise farm and species-specific thera-
peutic management. Furthermore, the metagenomics 
study in future can be integrated with transcriptomics 
and proteomics, which would help study the interaction 
with the host.

Conclusion
The present study provides important insight into the 
milk microbiota of the Murrah buffaloes in our herd. The 
study revealed the differences and comparison among 
the microbial profiles of healthy, clinical mastitis, and 
subclinical mastitis cases by using a culture-independent 
metagenomics approach. The Acinetobacter spp that was 
significantly abundant in the clinically affected buffaloes 
may have a causal role in the disease progression in our 
herd which may be further validated with more clinical 
cases in the buffaloes reared in similar environmental 
and managemental conditions. The present study pro-
vides an preliminary account of microbial diversity in 
udder health, probable causative organisms for clinical 
and sub-clinical mastitis promoting the development of 
targeted therapies to restore balance and improve treat-
ment outcomes.
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