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Longitudinal study of the udder
microbiome using genome-centric

metagenomics uncovers pathogen-driven

adaptation and succession
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Vinicius da Silva Duarte'?>4, Fiona Valerie Franklin', Alicja Krysmann' & Davide Porcellato’

Bovine mastitis remains a major disease affecting dairy herds globally due to its complex and multi-
etiological nature. To address gaps in microbial and immunological understanding, this longitudinal
study examined the udder microbiome across lactation in 24 Norwegian Red cows. Somatic cell count
(SCC) and microbiota composition varied by lactation stage, with low SCC (< 100,000 cells/mL) more
frequent in early (80%) and middle (78.9%) than late lactation (53%) and dry-off (53.1%). Microbial

diversity was shaped by SCC, lactation stage, and individual variability. Temporal profiling identified

persistent infections involving Staphylococcus aureus and Staphylococcus chromogenes, while
samples with low SCC were enriched in beneficial genera including Corynebacterium,
Bradyrhizobium, and Lactococcus. Shotgun metagenomics revealed pathogen-specific metabolic
traits, and genome-centric analysis recovered 142 MAGs characterized via sequence typing,
virulence, and resistance profiling. These findings offer valuable insights into microbial adaptation and
succession, informing strategies to better manage and prevent mastitis.

Bovine mastitis remains the leading disease affecting dairy herds
worldwide'. Due to its multi-etiological nature, it is a challenging condition
to eradicate and is primarily managed through husbandry practices and the
use of antibiotics to treat bacterial infections’, which are the primary cause of
intramammary infections (IMIs).

Mastitis can be classified into clinical and subclinical forms based on
clinical features. Clinical mastitis (CM) is marked by distinct symptoms,
such as the presence of flakes, clots, or watery secretions in milk. Affected
quarters typically show swelling, warmth, and pain. In acute cases, systemic
signs like hyperthermia, anorexia, and depression may also occur. The
consequences of CM can be severe, often leading to cow mortality, agalactia,
or premature culling3. Subclinical mastitis (SCM), on the other hand, is
primarily identified by an increased somatic cell count (SCC) and reduced
milk production, with SCC being considered the diagnostic gold standard
for detecting SCM".

Microbiological culture of milk remains the gold standard for pathogen
identification, despite some limitations’. Few studies have investigated the
microbial composition of milk samples classified as “mixed growth,” which
are often considered contaminated during sampling’, culture-negative
samples from clinical mastitis’, and samples from cows or quarters with high

SCC (subclinically affected quarters)’. Overall, both mixed growth and
culture-negative samples constitute a substantial proportion (30% or more)
of the milk samples submitted for mastitis diagnostics’.

Recent advancements in high-throughput next-generation sequencing
(NGS) technology and bioinformatics tools over the past decade have
facilitated a shift from traditional clinical microbiology to ecological and
genomic characterization of the microbiome associated with infections in
different research fields'’, including udder health". This transition does not
aim to replace traditional clinical microbiology but rather emerges as a
complementary diagnostic tool and a means to study the interactions
between the host and its microbiome'>"”. For example, studies employing
metataxonomic analysis have shown that culture-based diagnoses generally
align with the most prevalent organisms identified through metagenomic
sequencing, although additional potential pathogens have been detected in
culture-negative samples'.

The dynamics of udder immunity and infection are complex, influ-
enced by factors such as the cow’s health status, environmental conditions,
and the resident microbiota'’. Research has identified distinct changes in
microbiome composition between healthy and mastitic milk, with key phyla
such as Proteobacteria, Bacteroidetes, Firmicutes, and Actinobacteria playing

'Faculty of Chemistry, Biotechnology and Food Science Norwegian University of Life Sciences (NMBU), As, Norway. 2 Research Institute of Internal Medicine, Oslo

University Hospital, Oslo, Norway. e-mail: v.d.s.duarte@ous-research.no

npj Biofilms and Microbiomes| (2025)11:227


http://crossmark.crossref.org/dialog/?doi=10.1038/s41522-025-00860-1&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41522-025-00860-1&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41522-025-00860-1&domain=pdf
mailto:v.d.s.duarte@ous-research.no
www.nature.com/npjbiofilms

https://doi.org/10.1038/s41522-025-00860-1

Article

significant roles'®. Metagenomic analysis has further revealed previously
unreported opportunistic strains in clinical mastitis samples, along with
functional pathways related to bacterial colonization and antibiotic
resistance'’. However, the etiology of udder dysbiosis remains unclear,
particularly whether it serves as a cause or consequence of disturbances in
host-specific factors, health status, environmental conditions, xenobiotic
exposure, or inadequate hygiene. While comprehensive studies directly
addressing this question in bovine udders are limited, research on lactating
mothers can provide valuable insights'’. Additionally, as reported by
Urrutia-Angulo et al. (2024)", the clinical definition of udder health status
does not consistently align with the microbial profile.

Evidence suggests that SCM may have a distinct pathological origin
compared to CM, with unique microbial signatures and sensory protein
profiles”. These findings highlight the significant potential of metagenomic
approaches to improve mastitis diagnosis and advance our understanding of
its pathophysiology. Metagenomic studies provide valuable insights into the
temporal dynamics of microbial communities and”', when paired with
metagenome reconstruction, reveal possible interactions within the
microbiota (ecological studies) and between the microbiota and the host™*".
Furthermore, when integrated with community proteogenomics, these
approaches become instrumental in identifying potential biomarkers for the
early diagnosis of subclinical mastitis and in elucidating the pathophysiol-
ogy of both subclinical and clinical mastitis, which remains incompletely
understood™*”’.

Optimizing the udder microbiome has been proposed as a promising
strategy for preventing mastitis in dairy cattle, as a healthy microbiome
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Fig. 1 | Somatic cell count dynamics and bacterial load across lactation periods.
Raincloud plot (A) illustrating somatic cell count (log10(SCC)) across different
lactation periods (DO-2022, EL-2023, ML-2023, and LL-2023). Individual samples
are represented by dots, color-coded as high SCC (red) or low SCC (light blue). Side
histograms depict data distribution, while central bars indicate the median and
interquartile range. Statistical comparisons between lactation periods are denoted by

contributes to protection against pathogen colonization and the overgrowth
of opportunistic pathobionts*”’. Therefore, this longitudinal study aimed to
investigate the udder microbiome throughout lactation using metataxo-
nomic and shotgun sequencing approaches. Studies of this nature con-
tribute to establishing pathogen-based therapies and provide insights into
the composition of the milk microbiome, which remains far from fully
characterized. This knowledge gap motivated the use of shotgun metage-
nomics and analysis at the metagenome-assembled genome (MAG) level in
this study since such comprehensive investigations remain relatively scarce.

Results

Changes in SCC and pathogen distribution across lactation
periods reveal significant variability

In this study, we collected 342 quarter-level milk samples from 24
Norwegian Red cows (8 primiparous, 16 multiparous). Based on SCC,
233 samples were classified as low ( < 100,000 cells/mL) and 109 as high
(> 100,000 cells/mL). The proportion of low-SCC quarters was higher
during EL-2023 (80%) and ML-2023 (78.9%) compared to DO-2022
(53.1%) and LL-2023 (53%), with corresponding high-SCC rates of 20%,
21.1%, 46.9%, and 47%. As shown in Fig. 1A, SCC varied significantly
across lactation periods (DO-2022/EL-2023, p = 2.92 x 10°%; EL-2023/LL-
2023, p=5.92x 107 DO-2022/ML-2023, p=142x 10% LL-2023/ML-
2023, p=2.72x 10™*), except for DO-2022/LL-2023 and EL-2023/ML-
2023. IBC followed a similar trend, with significantly higher values in
high-SCC samples (mean = 3.74 + 0.33) compared to low-SCC samples
(mean = 3.31 £ 0.48).
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significance levels: ***p < 0.001, **p < 0.01, and NS (not significant). Density plot
showing the relationship between SCC (B) and bacterial count (log10(IBC)) (C)
across lactation periods, stratified by bacterial species identified using MALDI-ToF.
Density curves represent distinct pathogens (E. faecalis, S. aureus, S. chromogenes, S.
epidermidis, and S. uberis) and samples classified as “negative”, highlighting varia-
tions in bacterial prevalence and load among lactation periods.
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The percentage of quarters testing positive or negative for mastitis
pathogens, identified via MALDI-Tof, also reflected the trends observed for
SCC and IBC (Fig. 1B, C). The lowest detection of mastitis-causing
pathogens was recorded during EL-2023, with only 10.5% of samples testing
positive. Among the mastitis-causing pathogens identified in this study, E.
faecalis emerged as the predominant etiological agent, accounting for 31% of
the cases. S. aureus, S. uberis, and S. chromogenes were detected in 22%, 21%,
and 10% of the samples, respectively. The bacterial species S. epidermidis
(7%), C. bovis (3%), S. dysgalactiae (3%), and S. haemolyticus (2%) were
identified to a lesser extent.

We also assessed the relationship between SCC and IBC in relation to
specific pathogens. SCC was significantly higher in samples with S. epi-
dermidis compared to pathogen-negative samples (Supplementary Fig. 1).
Additional analysis of bacterial growth (48 h, 37 °C), combined with IBC,
SCC, and pathogen data, revealed that many pathogen-negative samples still
showed substantial colony counts (Fig. 2A). Of 129 samples with 30-300
CFUs, 57 showed SCC > 100,000 (median: 2.9 x 10°) and a median IBC of
7.6 x 10%, suggesting that undetected or non-classical microbes may elevate
SCC despite negative pathogen screening.

Alpha and beta diversity analyses show significant effects of the
lactation period on diversity indices
We investigated the microbial composition of 306 milk samples encom-
passing a whole lactation cycle. By conducting amplicon sequencing, we
obtained a total of 1.3 x 107 high-quality filtered sequences (low SCC,
median = 37,589 sequences; high SCC, median = 47,282 sequences).

We investigated alpha diversity related to SCC and the lactation period.
Low SCC samples showed greater microbial diversity and reduced species
dominance (Fig. 2B). Five of seven diversity indices were higher in DO-2022
compared to LL-2023, and all indices were significantly different between
EL-2023 and LL-2023 (Fig. 2C). Volatility plots (Fig. 2D, E) indicated a
decline in microbial diversity at the end of lactation for samples with high
SCC. The generalized additive model revealed significant effects of the
lactation period and SCC on the Shannon and Simpson indices. The lac-
tation period influenced diversity modestly (Shannon: edf=2.3, F=3.7,
p=14x107% Simpson: edf=2.3, F=3.5, p=2.1 x 107), and SCC had a
strong impact (Shannon: edf = 0.9, F = 17.5, p = 3.0 x 10~ Simpson: edf =
0.9, F=249, p=34x107*). Individual animal variability was also sig-
nificant (Shannon: edf = 13.2, F=1.8, p=6.1 % 1074 Simpson: edf = 12.0,
F=14, p=2.9x107"), while the parity did not influence the two metrics
(Shannon: edf = 1.0, F = 1.4, p = 0.24; Simpson: edf = 1.0, F = 1.4, p = 0.23).
Overall, the model explained 22.8% and 21.9% of the deviance for the
Shannon and Simpson indices, respectively, with adjusted R-squared values
of 17.8% and 17.2%, underscoring the relevance of the assessed factors.

PERMANOVA analyses using unweighted and weighted UniFrac
distances identified significant factors influencing microbial community
structure (Supplementary Fig. 2). In the unweighted UniFrac analysis, lac-
tation period (F=3.2, p=0.01) and individual animal variability (F = 1.3,
p = 0.01) together explained approximately 18% of the variance. In contrast,
the weighted UniFrac analysis revealed that somatic cell count (SCC)
(F=3.2, p=0.01), lactation period (F=7.6, p=0.01), individual animal
variability (F=2.7, p=0.01), and the presence of mastitis pathogens
(F=3.3, p=0.01) accounted for around 30% of the variability.

Differential abundance analysis and multivariable associations
reveal shifts in Actinobacteriota across lactation stages

After clustering at a 99% similarity threshold and removing
g-Mitochondria, o-Chloroplast, and d-Archaea, we identified a total of
48,622 ASVs. Four phyla comprised approximately 99% of the milk
bacterial population: Firmicutes (median: 63%), Actinobacteria
(median: 20%), Proteobacteria (median: 7%), and Bacteroidota
(median: 1%). At the genus level, ten taxa accounted for about 65% of
the microorganisms: Corynebacterium (median: 12.9%), Staphylo-
coccus (median: 4.0%), Bradyrhizobium (median: 1.8%), Streptococcus
(median: 0.2%), Aerococcus (median: 2.6%), Romboutsia (median:

3.4%), Enterococcus (median: 0.2%), Kocuria (median: 0.9%), Lacto-
coccus (median: 0.2%), and Weissella (median: 0.6%).

Multivariable association analysis with MaAsLin2 showed significant
differences for 15 phyla (Supplementary Table 1). Low SCC samples showed
a higher abundance of eight phyla, notably Proteobacteria, Actinobacteriota,
and Bacteroidota. Across lactation periods, Firmicutes abundance remained
stable (g > 0.25), while Proteobacteria was enriched in EL-2023 and declined
thereafter. Conversely, Actinobacteriota increased during ML-2023 and LL-
2023. Considering sampling day as a continuous variable, Actinobacteriota
fluctuated, peaking at baseline (DO-2023), dropping in early lactation, and
then rising again in middle and late lactation.

The genus-level analysis identified 66 differentially abundant genera
(Supplementary Table 2). Samples with low SCC were enriched in several
genera, markedly Corynebacterium, Bradyrhizobium, Romboutsia, and
Lactococcus. In contrast, Staphylococcus was significantly enriched in sam-
ples classified as high SCC. By lactation period, Bradyrhizobium, uni-
dentified Lactobacillaceae, Pediococcus, unidentified Aerococcaceae, and
Weissella were enriched in EL-2023 when compared to DO-2022, with two
additional genera from Aerococcaceae and Lactobacillaceae enriched in ML-
2023. Over time, Bifidobacterium and Bacillus increased in abundance,
while unidentified Lactobacillaceae decreased.

The integration between t-SNE and culturomics improves milk
microbiota classification

Due to the high variability in udder microbiota, we applied t-SNE for
dimensionality reduction on 295 samples, grouping them into 18 k-means
clusters based on similar microbial profiles, determined by the Elbow
method (Supplementary Fig. 3A-C). These clusters were analyzed for
taxonomic composition and correlated with IBC, SCC, and alpha diversity
indices (Fig. 3). Statistical analysis showed significant differences in IBC and
SCC levels among several clusters compared to the global mean. Cor-
ynebacterium, Staphylococcus, and Aerococcus were prevalent and widely
distributed across clusters, while Enterococcus and Streptococcus were
restricted mainly to clusters 13 and 14, respectively, present sporadically in
other clusters.

Considering a minimum mean relative abundance of 10% per cluster
(Fig. 3, Supplementary Fig. 3), we observed a notably high relative abun-
dance of Staphylococcus in five clusters (p < 0.05) (cluster 4: 80.50%, cluster
6: 77.88%, cluster 7: 58.85%, cluster 10: 56.96%, cluster 15: 52.69%). Com-
bined with the culturomics, cluster 4 was enriched for S. chromogenes (4
positive samples out of 12), whereas cluster 10 was enriched for S. aureus (7
positive samples out of 9). Only one species of S. haemolyticus was identified
by MALDI-Tof (cluster 6).

We conducted a MegaBLAST analysis on the top 20 ASVs to identify
species within clusters dominated by Staphylococcus, Corynebacterium, and
Streptococcus (Supplementary Fig. 5). In cluster 4, samples showed a
homogeneous distribution of the four most abundant ASVs, all annotated as
S. chromogenes (99.53-100% identity). Cluster 6 was dominated by an ASV
with 100% identity to S. borealis, S. pragensis, S. petrasii, and S. croceilyticus.
Cluster 10 was primarily dominated by an ASV matching different species
of Staphylococcus, though sample H193 displayed a distinct profile lacking
S. aureus dominance. The dominant ASV in cluster 7 matched S. epi-
dermidis, S. caprae, and S. capitis with 100% identity, while four samples
(H298, H300, H305, H307) also exhibited high levels of ASVs from the S.
borealis group. Cluster 15 contained ASVs identified as S. epidermidis, S.
caprae, S. capitis, and S. hominis.

For Corynebacterium, eleven of eighteen clusters had >10% relative
abundance, notably clusters 2 (37.7%), 8 (64.9%), and 18 (44.6%) (Fig. 3,
P <0.05). Culturomics detected Corynebacterium bovis only in two samples
(H087, H109). ASV-level analysis revealed many best hits were uncultured
bacteria (Supplementary Fig. 5). Cluster 2 showed diverse Corynebacterium
species with enrichment of C. bovis, while clusters 8 and 18 had more
homogeneous ASV distributions, including uncultured bacterium/C. bovis
variants (99.76-100% identity). Finally, clusters 3 and 14 were enriched in
Streptococcus. Cluster 3 contained three ASVs matching S. uberis/porcinus
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Fig. 2 | Bacterial load, diversity indices, and temporal dynamics in relation to
somatic cell count. Bubble chart (A) displaying the relationship between somatic
cell count (SCC) and individual bacterial count (IBC) across samples, categorized by
bacterial species. Bubble sizes represent CFU/mL on blood agar, while colors indi-
cate bacterial species (E. faecalis, S. aureus, S. chromogenes, S. epidermidis, S. uberis),
and milk samples classified as “negative” for specific mastitis-causing pathogens.
Box plots comparing Shannon (B) and Simpson (C) diversity indices between high

and low SCC groups across different time points and lactation periods. Statistical
significance is denoted as ***p < 0.001, **p < 0.01, and *p < 0.05. Volatility plot of
Shannon (D) and Simpson (E) diversity indices over time, showing trends across
lactation periods (DO-2023, EL-2023, ML-2023, and LL-2023). Solid and dashed
lines represent high and low SCC groups, respectively, with shaded areas indicating
95% confidence intervals with group-wise comparisons highlighted.
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Fig. 3 | Microbiota cluster structure in relation to somatic cell count, bacterial
load, diversity indices, and dominant genera. Distribution of bacterial count (A),
somatic cell count (B). and alpha diversity indices (C, D) across the 18 microbiota
clusters. Each box represents the interquartile range (IQR), with the median indi-
cated by a horizontal line and whiskers extending to 1.5 times the IQR. Outliers are
shown as individual points. Statistical significance of differences in relative abun-
dance between clusters and the global mean is denoted above each box plot (p < 0.05;
p<0.01; ¥p <0.001; **p < 0.0001; ns not significant). Box plots (E-I) showing the

distribution of the relative abundance of the five dominant genera (Corynebacter-
ium, Staphylococcus, Aerococcus, Enterococcus, and Streptococcus) across the 18
microbiota clusters. Each box represents the interquartile range (IQR), with the
median indicated by a horizontal line and whiskers extending to 1.5 times the IQR.
Outliers are shown as individual points. Statistical significance of differences in
relative abundance between clusters and the globalmean is denoted above each box
plot (p < 0.05; p < 0.01; *p < 0.001; **p < 0.0001; ns not significant).

and S. alactolyticus/macedonicus/pasteurianus (100% identity), while cluster
14 was dominated by a single ASV identified as S. uberis (100% identity).

Udder microbiota dynamics reveal persistent infection by

S. aureus and S. chromogenes, but not S. uberis

The result from the t-SNE analysis enhanced sample classification and
elucidated underlying patterns in the dataset. We therefore conducted a
quarter-level analysis to track temporal fluctuations in genus-level taxa
before and after detecting the pathogen identified by the gold standard
method. Focus was given to samples positive for Staphylococcus, Enter-
ococcus, and Streptococcus, primarily grouped in clusters 4, 10, 13, and 14.
Only quarters with at least three sampling points were included (Fig. 4). To
assess microbiota resilience post-dysbiosis, we combined a microbial dys-
biosis index (MDI) with the Shannon diversity index. Quarters with a

Shannon index below 3.5 (mean for quarters with SCC < 100,000 cells/mL)
and MDI > 0 were classified as dysbiotic.

In cluster 10 (enriched for S. aureus), analysis of 5 quarters showed
persistent infection with S. aureus across lactation stages. Despite fluc-
tuations in bacterial counts, SCC remained consistently elevated. Sig-
nificant depletion of Corynebacterium, Aerococcus, Romboutsia, and
other low-abundance taxa was observed. Co-infections with Strepto-
coccus species occurred at two time points (samples H195 and H349).
Overall, the MDI confirmed that post-infection samples did not revert to
eubiosis. Cluster 4, enriched for S. chromogenes, also showed persistent
infection, but SCC and bacterial counts were not significantly different
from the global mean (Fig. 3, 4). In quarter 7032_VF, co-infection with S.
aureus prevented microbiota recovery, a pattern also evident in quarters
6691_HB and 6691_VB. Our results suggest that these bacteria may
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Fig. 4 | Udder microbiota dynamics. Stacked bar plots depicting the relative
abundance of the 20 most abundant genera across different sampling quarters. Each
bar represents the proportional composition of genera, with colors corresponding to
specific genera as indicated in the legend. Genera with lower abundances are
grouped under “Others.” Bacterial and somatic cell counts are overlaid: triangles
connected by dashed lines represent IBC levels, while dots connected by solid lines

H359

indicate SCC levels, illustrating changes in microbiota composition in relation to
these metrics over sampling time. The analyzed animal and sampling quarter, along
with microbiota clusters, are labeled above each panel, with sample identification
numbers displayed below each plot. Samples highlighted in red indicate the detec-
tion of a mastitis-causing pathogen identified via MALDI-ToF analysis.

engage in competitive interactions that prolong dysbiosis by preventing
recolonization of the native microbiota.

Cluster 13, enriched for E. faecalis, showed milder dysbiosis with
reductions in Corynebacterium, Aerococcus, and Romboutsia, but the native
microbiota often recovered, as seen in quarters 6415_VB, 7003_HB, and
7003_HF. Lastly, in cluster 14, dominated by S. uberis, depletion of Cor-
ynebacterium was less severe than in Staphylococcus or Enterococcus clus-
ters. Although S. uberis caused dysbiosis, five quarters returned to eubiosis,
and one was borderline (samples H084, H164; quarters 6611_HF, 6415_HB,
6611_HB, 6611_HF, 6941_VB).

Metagenomic shotgun sequencing uncovers pathogen-specific
metabolic signatures in the bovine mammary gland

After trimming, quality filtering, and separating bacterial reads from bovine
sequences, we obtained ~269.5 GB of high-quality paired-end reads from 73
samples for functional profiling with HUMAnN3. This identified 289
MetaCyc metabolic pathways, analyzed for differential abundance via
MaAsLin2 using “SCC” and “pathogen” as fixed effects. The heatmap
(Supplementary Fig. 6A) showed no clear clustering by SCC or lactation
period, indicating high heterogeneity, though four pathogen-negative
clusters lacking metabolic enrichment and clusters positive for S. aureus and
E. faecalis were discernible. Among differentially abundant pathways
(g <0.25), 134 were enriched in high SCC samples and four in low SCC
samples (Supplementary Fig. 6B, C). Within the high SCC group, numerous
pathways associated with central metabolism were shared predominantly by
Staphylococci and Streptococci.

We also assessed the enrichment of metabolic pathways by bacterial
species identified via MALDI-ToF, compared to samples classified as
negative. This analysis aimed to identify potential metabolic distinctions
associated with pathogen presence and uncover infection-specific
metabolic signatures unique to the mammary gland. In total, five
pathogens were analyzed: S. aureus, S. chromogenes, E. faecalis,

S. epidermidis, and S. uberis (Supplementary Fig. 7). Based on the pre-
viously identified pathways with a q-value < 0.25, a Venn diagram was
constructed to identify unique and shared MetaCyc pathways (Fig. 5).
For S. aureus, 14 unique MetaCyc pathways were identified showing a
versatile metabolic profile, encompassing central carbon metabolism,
amino acid and nucleotide biosynthesis, stress tolerance, and virulence
factors. S. chromogenes exhibited unique metabolic pathways associated
with amino acid biosynthesis, lipid metabolism, and energy production,
reflecting its ability to adapt to resource-limited environments and its
potential role in infection dynamics. The S. uberis group showed
enrichment in pathways related to carbohydrate metabolism, including
glycogen biosynthesis, lactose and galactose utilization, and nucleotide
sugar metabolism, as well as processes involved in cell-wall biosynthesis,
indicating its capacity to thrive in nutrient-rich environments, such as
the mammary gland during infection. For S. epidermidis, eight unique
metabolic pathways were annotated for this species and involved, for
instance, in energy production, cell-wall structural maintenance, stress
tolerance, and nutrient acquisition. E. faecalis displayed a metabolic
profile enriched in pathways related to amino acid biosynthesis,
nucleotide metabolism, and lipid-related processes, as well as pathways
supporting secondary metabolite production and cofactor biosynthesis,
underscoring its metabolic flexibility and potential resilience in diverse
environmental conditions.

Genome-resolved metagenomic data analysis

The genome-centric approach applied to shotgun reads from milk micro-
biomes enabled the reconstruction of 142 MAGs, of which 26 were obtained
using a co-assembly method and 116 using an individual assembly method.
Among these, 38 genomes were classified as high-quality (completion
> 90%, contamination < 5%), 50 as medium-quality (completion > 50%,
contamination < 10%), and 39 as low-quality (completion < 50%, con-
tamination > 10%) (Supplementary Table 3). MAGs with contamination
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Fig. 5 | Shared and unique MetaCyc pathways across microorganisms. The Venn diagram shows the number and percentage of pathways that are unique or shared among
different species. The shading gradient reflects pathway abundance, with darker shades indicating higher values.

higher than 10% were excluded from subsequent analyses. Taxonomic
assignments were consolidated at the species level when always possible.

After genome dereplication and the exclusion of highly contaminated
MAGs, 26 MAGs were selected as representative of the metagenomes. These
MAGs were subsequently used to map the reads and estimate their relative
abundances across the samples (Fig. 6). The MAG assigned as Cutibacter-
ium acnes was identified as a putative contaminant in our dataset and
removed from downstream analysis.

To explore microbiome functional potential, we predicted microbial
genes from key MAGs and annotated protein sequences using EggNOG,
normalizing COG categories by total proteins per MAG. We focused on
Streptococcaceae, Aerococcaceae, Staphylococcaceae, and Corynebacter-
iaceae due to their prominence. The top 20 COG categories mainly
involved metabolism, cellular processes, and information storage, with a
large portion labeled “function unknown,” reflecting many poorly
characterized proteins.

Our analysis identified four COG categories with significant dif-
ferences across the bacterial families (Fig. 7). COG category G, related to
carbohydrate transport and metabolism, was more abundant in Aero-
coccaceae and Streptococcaceae compared to Corynebacteriaceae and
Staphylococcaceae. In contrast, COG category Q, associated with sec-
ondary metabolites biosynthesis, transport, and catabolism, was most
abundant in Corynebacteriaceae. For COG category C, which involves
energy production and conversion, Staphylococcaceae showed enrich-
ment relative to Corynebacteriaceae and Streptococcaceae but was similar

to Aerococcaceae. Finally, COG category U, encompassing intracellular
trafficking, secretion, and vesicular transport, was more prevalent in
Streptococcaceae than in Staphylococcaceae. These findings reveal
important differences in functional potential and ecological adaptation
among the bacterial families.

MLST, Virulence Factors (VFs) and Antimicrobial Resistance
Genes (AMRGs)
All metagenomes, along with high- and medium-quality MAGs, were
subjected to MLST analysis. Results revealed that four bacterial species were
associated with a single sequence type (S. aureus: ST133; E. faecalis: ST40; S.
dysgalactiae: ST302; S. uberis: ST1409). In contrast, two sequence types were
identified for S. epidermidis (ST100 and ST575), while S. chromogenes dis-
played greater diversity with three sequence types (ST1, ST59, and ST104).
The distribution of VFs across multiple bacterial taxa found in milk
samples was analyzed to assess their biosynthetic and pathogenic potential
(Fig. 8). For Staphylococcus spp., S. aureus showed dominant VFs categories
associated with immune modulation (24.53%) and exoenzymes (14.34%),
followed by nutritional/metabolic factors (13.58%), exotoxins (12.08%),
adherence (11.70%), and effector delivery systems (11.70%). Bacterial spe-
cies annotated as E. faecalis showed a broad distribution of VF categories,
with adherence genes comprising the largest fraction (43.90%). Exoenzymes
(15.70%), immune modulation (12.50%), and stress survival (12.50%) were
also well-represented. Other categories included biofilm formation
(11.34%), nutritional/metabolic factors (3.78%), and effector delivery
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systems (0.29%). In species of Streptococcus, adherence, immune modula-
tion, and stress survival were equally represented (33.33% each) for S. bovis.
S. dysgalactiae demonstrated a focus on adherence (50%), followed by
exoenzymes and stress survival (14.29% each), with other categories such as
immune modulation, invasion, and nutritional/metabolic factors at
7.14% each.

In the analysis of AMRGs (Supplementary Fig. 8), a total of 144 genes
were annotated using three databases: ResFinder, CARD, and ARG-
ANNOT. The top five antibiotic classes represented in the dataset were
fluoroquinolones (15%), macrolides (10.2%), tetracyclines (9.6%), ami-
noglycosides (7.6%), and rifamycins (5.8%). When stratified by bacterial
species, distinct patterns of AMR gene distribution were observed. For the
genera Corynebacterium spp. and Staphylococcus spp., the highest abun-
dance of AMR genes was associated with rifamycins (20.4%) and fluor-
oquinolones (18.2%), respectively. Similarly, Streptococcus spp. displayed a
predominance of genes linked to fluoroquinolones (24.2%), while for
E. faecalis, AMR genes were most frequently associated with macrolides
(13.6%), fluoroquinolones (11.3%), lincosamides (8.1%), tetracyclines
(8.1%), and aminoglycosides (8.0%). These findings underscore the diver-
sity of AMR gene profiles across MAGs reconstructed from metagenomes
obtained from milk samples, highlighting species-specific adaptations to
antimicrobial pressures.

Prediction of bacteriocins and bioactive compounds

We used BAGELA to identify gene clusters in the MAGs DNA involved in
the biosynthesis of Ribosomally synthesized and post-translational mod-
ified Peptides (RiPPs) and (unmodified) bacteriocins. In total, 27 gene
clusters were predicted (Supplementary Fig. 9A). Bacterial species anno-
tated as S. aureus the highest number of different classes, and four areas of
interest were identified in MAGs assigned to E. faecalis.

Genome mining using AntiSMASH identified 322 biosynthetic gene
clusters (BGCs) across all analyzed MAGs. These BGCs were classified into
26 distinct types of biosynthetic pathways associated with the production of
secondary/specialized metabolites. The three most abundant pathways were
non-ribosomal peptide synthetase (NRPS) (12.7%), terpene (11.1%), and
non-ribosomal peptide siderophore (NI-siderophore) (10.8%). When the
analysis was stratified by bacterial species and limited to hits with similarity
associated with known clusters, several species-specific putative metabolites
were identified (Supplementary Fig. 9B). The AntiSMASH analysis revealed
a group of bioactive compounds shared among several Staphylococci spe-
cies, including staphyloferrin A, staphylopine, and kijanimicin. Unique
metabolic signatures were observed in specific species, such as S. aureus,
C. kroppenstedtii, S. uberis, and C. bovis. These findings suggest a potential
common production of certain bioactive compounds, here predominantly
identified among Staphylococci, while other microorganisms, such as
C. kroppenstedtii, appear to exhibit a more species-specific metabolite
spectrum.

Discussion

Bovine mastitis is the most economically significant disease in dairy cattle,
and its complex, multifactorial etiology presents substantial challenges for
effective management through both zootechnical and veterinary
interventions™”’.

Mastitis-causing pathogens are a primary driver of elevated SCC in the
udder, with various bacterial species implicated. In our study, major
pathogens such as S. aureus, Enterococcus spp., and environmental strep-
tococci were predominant, while minor pathogens, including S. chromo-
genes, S. haemolyticus, S. epidermidis, and C. bovis, were less common. Apart
from an elevated prevalence of E. faecalis during mid-lactation in 2023,
which coincides with the transition from freestalls to pasture, our results
align with previous surveys in Norwegian herds™. As both a commensal and
opportunistic pathogen, Enterococcus is highly resilient and commonly part
of the animal gut microbiota, enabling its spread under certain environ-
mental or management conditions™.

In this longitudinal study, we analyzed over 300 quarter-level milk
samples to investigate microbial succession in bovine mastitis. High SCC
samples exhibited reduced microbial diversity, indicating a shift toward
dysbiosis driven by dominant taxa, as noted in several studies'****.
Dimensionality reduction revealed the consistent presence of Staphylo-
coccus, Corynebacterium, and Aerococcus across clusters, underscoring their
ubiquity in both healthy and mastitic quarters. Staphylococcus species are
notably contagious, and their prevalence is strain-dependent. While the role
of Corynebacterium in udder health is still debated®, it has been hypothe-
sized that natural infections may confer protection against major mastitis
pathogens. This is consistent with our findings and reported in previous
studies’ . Meanwhile, Aerococcus has been primarily associated with
healthy milk samples, and its occurrence with non-aureus staphylococci has
been negatively correlated with E. coli in clinical mastitis™"".

Milk microbiota varied both between cows and between udder quar-
ters. Notably, intramammary infections caused by Staphylococcus led to
persistent dysbiosis, unlike infections by Streptococcus, which showed signs
of microbial recovery. While cross-sectional studies have described the
mammary microbiota®*, few have tracked its longitudinal dynamics at the
quarter level. Our findings support previous research showing that S. aureus
is difficult to eliminate once established?’, likely due to its immune evasion
strategies, such as biofilm formation, small colony variants, and its ability to
invade both professional and nonprofessional cells. In contrast, Strepto-
coccus infections, particularly by the environmental species S. uberis, were
associated with transient dysbiosis and microbiota recovery, which is con-
sistent with a study conducted by Urrutia-Angulo et al. (2024)". These
results underscore pathogen-specific dynamics and reinforce S. aureus as a
key challenge in mastitis management.

Genome-centric metagenomics advanced our understanding of the
milk microbiome by uncovering microbial interactions within the udder
that are not captured by traditional amplicon sequencing. The reconstructed
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MAGs reflected the dominant genera identified through 16S rRNA
sequencing, including Staphylococcus, Corynebacterium, Streptococcus,
Enterococcus, Aerococcus, Kocuria, and Romboutsia. Notably, a broad
diversity of draft genomes was recovered, particularly within Staphylococcus
and Corynebacterium. Among them, Corynebacterium kroppenstedtii HC-
IA_H069.1 was highly abundant. This species is part of the
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C. kroppenstedtii-like group, which includes C. parakroppenstedtii and
C. pseudokroppenstedtii, organisms increasingly associated with breast
abscesses and granulomatous mastitis in women*'. However, their role in
bovine udder health remains poorly understood and merits further inves-
tigation. Corynebacterium species are also recognized for their metabolic
versatility and biotechnological potential, exemplified by C. glutamicum®.
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Fig. 7 | Comparative analysis of clusters of orthologous groups categories among
different bacterial families. Bar plots represent the top 20 COG categories across all
samples for the bacterial families: Aeroococcaceae (A), Corynebacteriaceae (B),
Staphylococcaceae (C), and Streptococcaceae (D). Each color indicates a specific
metagenome-assembled genome as shown in the legend. COG categories -

(S Function unknown, L Replication, E Amino acid transport and metabolism,

] Translation, ribosomal structure and biogenesis, K Transcription, P Inorganic ion
transport and metabolism, G Carbohydrate transport and metabolism, M Cell wall/
membrane/envelope biogenesis, C Energy production and conversion, F Nucleotide

transport and metabolism, H Coenzyme transport and metabolism, V Defense
mechanisms, O Posttranslational modification, protein turnover, chaperones,

I Lipid transport and metabolism, D Cell cycle control, cell division, chromosome
partitioning, T Signal transduction mechanisms, U Intracellular trafficking, secre-
tion, and vesicular transport, Q: Secondary metabolites biosynthesis, transport and
catabolism-are represented on the x-axis, and their normalized proportion on the
y-axis. Boxplots (E-H) represent COG categories that differed significantly among
bacterial families based on the Kruskal-Wallis test. Significant pairwise differences
are indicated with * (p < 0.05) and ns (not significant).
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Future studies should explore the adaptation of C. kroppenstedtii-like strains
to the bovine mammary gland and conduct comparative genomics with
human isolates to clarify their potential role in bovine health and disease.

Building on our genome-centric analysis, we investigated genes tra-
ditionally classified as virulence factors, many of which likely function as
“niche factors” in commensal bacteria by supporting adaptation rather than
pathogenicity™. These elements often contribute to bacterial survival across
diverse ecological contexts, including host-associated environments*. Dis-
tinct patterns emerged across taxa. Regulatory proteins such as IdeR and
PhoP were prominent in Corynebacterium spp., suggesting a role in niche
adaptation*’. In E. faecalis, adherence-related genes accounted for a large
proportion of the identified factors. Among Staphylococcus spp., immune
evasion, particularly capsule biosynthesis, was the dominant strategy, con-
sistent with their capacity for persistent and recurrent infections.

Shotgun metagenomic sequencing has recently emerged as a powerful
tool for quantifying antimicrobial resistance dynamics at the
human-livestock interface”. Norway is notable for its low antibiotic usage
and minimal reliance on antimicrobials in mastitis treatment, where

benzylpenicillin procaine remains the first-line therapy™. Treatments are
typically reserved for moderate to severe cases during lactation and for
subclinical infections caused by S. aureus, S. dysgalactiae, S. uberis, or S.
agalactiae at dry-off”. From the health records of all cows, we confirmed
that B-lactams (specifically Penicillin G) were the only antibiotics admi-
nistered during the study period, and only on two occasions. All milk
samples included in our analysis were collected at least two weeks before or
after these treatments. Yet, our metagenomic analysis revealed antibiotic
resistance genes (ARGs) extending beyond those anticipated from this
limited and targeted B-lactam exposure. In particular, we detected ARGs
conferring resistance to multiple antibiotic classes, inconsistent with the
treatment history. These observations suggest that such resistance deter-
minants may constitute part of the intrinsic milk resistome. Despite the
restrictive use of antibiotics, Corynebacterium species, frequently detected in
milk samples, exhibit broad resistance to macrolides, lincosamides, strep-
togramins, and often to (-lactams, clindamycin, erythromycin, azi-
thromycin, ciprofloxacin, and gentamicin**’. However, most strains
remain susceptible to vancomycin, minocycline, and linezolid”. The high
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prevalence and diversity of Corynebacterium in this study may reflect their
intrinsic resistance to beta-lactams’*** potentially contributing to their
persistence within the herd.

In addition to antimicrobial resistance, bacterial competition through
bacteriocin production also shapes microbial community structure in the
mammary gland”. In this study, diverse bacteriocin gene clusters were
identified across multiple species, highlighting their role in microbial
competition. S. aureus, for example, can produce lantibiotics such as BsaA2,
conferring a competitive advantage in community-associated strains™.
Nukacins, also produced by Staphylococcus spp., show promise for mastitis
control™. These bacteria further rely on peptide-based quorum sensing
systems like the accessory gene regulator (agr), which uses auto-inducing
peptides to coordinate gene expression”. E. faecalis contributes to compe-
titive interactions through enterolysin A, a bacteriocin active against Gram-
positive species including S. aureus and Listeria monocytogenes™>.

Beyond bacteriocins, Staphylococcus species also produce a range of
secondary metabolites that contribute to microbiome interactions and
nutrient acquisition, particularly iron, enhancing their competitive fitness in
diverse environments. A recent genome-wide CRISPRi-seq screen by Marli
et al. (2024)* identified key fitness determinants for S. aureus growth in
milk, underscoring the importance of metal acquisition pathways in this
niche. Our analysis also predicted several bioactive compounds in Cor-
ynebacterium spp., including e-poly-1-lysine—a potent antimicrobial widely
used in food preservation and known to influence microbial dynamics in
cheese and skin ecosystems®. In C. kroppenstedtii, AntiSMASH analysis
revealed additional compounds such as a triscatecholamide siderophore, the
catechol-peptide griseobactin, and phenazines. These molecules likely
support iron acquisition under limiting conditions and may enhance eco-
logical fitness and pathogenic potential in the mammary gland®*. Alto-
gether, the potential for bacteriocin and secondary metabolite production
highlights new avenues for microbiome modulation and alternative stra-
tegies to manage bovine mastitis.

In conclusion, bovine mastitis remains a major challenge for global
dairy production, highlighting the need for innovative management stra-
tegies. This longitudinal study used metataxonomic and shotgun metage-
nomic approaches to track udder microbiome dynamics across lactation
stages. We observed significant variations in somatic cell count and
microbiota composition, with dominant species linked to high SCC sam-
ples. Dimensionality reduction identified health-associated bacterial profiles
and microbial shifts at the quarter level, confirming Staphylococcus as a key
mastitis pathogen. Metagenomics revealed pathogen-specific metabolic
pathways and reconstructed 142 MAGs, offering insights into pathogen
adaptation, virulence, and resistance. The potential protective roles of
Aerococcus, Kocuria, and coryneform bacteria were also highlighted. Fur-
thermore, the discovery of bacteriocin and biosynthetic gene clusters sug-
gests new avenues for targeted antimicrobial development. Overall, this
study enhances our understanding of the bovine udder microbiome and its
role in the pathophysiology of mastitis, providing a foundation for
microbiome-based strategies to enhance dairy herd health and productivity.

Methods

Experimental design and sample collection

Twenty-four Norwegian Red cows (8 primiparous; 16 multiparous — 8 in
their second lactation and 8 beyond second lactation) were selected from a
herd of 43 cows with expected calving dates between October 2022 and
February 2023. Eight cows were excluded because they were enrolled in
another study or were under antibiotic treatment. From the remaining 35
cows, selection was based on parity to capture herd diversity, resulting in 8
cows in their first lactation and 16 with one or more lactations. The selected
cows were then divided into groups of five, ensuring that only 20 samples
were collected and processed on each sampling day. The animals were
housed at the Centre for Livestock Production, Norwegian University of Life
Sciences, and managed in accordance with Norwegian Food Safety
Authority regulations. From October to April, cows were housed in freestall
barns with rubber mats and woodchip bedding, and from May to

September, they grazed on pasture. Feeding occurred twice daily, with a
maize and silage mix provided from October to April (2022-2024). Con-
centrate was automatically dispensed during milking via robotic systems or
automatic feeders. Animals were grouped by performance and lactation
stage when feasible, and feeding was adjusted accordingly, using two dif-
ferent roughage mixes. Health records were reviewed for all cows included
in the study to document treatments administered both prior to and during
the study period, including antibiotic use. Only two treatments with anti-
biotics were recorded, both involving Penicillin G: one case for mastitis and
one for interdigital phlegmon, each in a different cow. All milk samples
analyzed in this study were collected at least two weeks before or after these
treatments.

A total of 342 quarter-level milk samples were collected across four
lactation periods spanning two lactation cycles: baseline pre-drying in 2022
(DO-2022), and early (EL-2023, median 22 days in milk (DIM)), middle
(ML-2023, median 126 DIM), and late lactation (LL-2023, median 244
DIM) in 2023. Primiparous cows were sampled only during 2023, and one
multiparous cow was culled after the 2022 sampling. Milking was conducted
with an automatic robot, which was inaccessible from 10 PM on the evening
before sampling.

On sampling days, approximately 350 mL of hindmilk was aseptically
collected from each quarter following National Mastitis Council (NMC)
guidelines (www.nmconline.org), including teat cleaning with iodine and
70% ethanol after milking. Milk was collected using non-invasive standard
farm practices that are employed in the Norwegian dairy production system
and did alter the cows’ normal routine, health, or welfare. Farm owners
provided consent for sampling and data use. Samples were transported on
ice, and fresh samples were used for microbiological analysis, while those for
metagenomics were immediately frozen at -20 °C.

Culturing, identification of isolates, and BacSomatic

Milk samples from all quarters were sent to the TINE Mastitis Laboratory
(Molde, Norway) for microbiological analysis and species identification
using standard culturing protocols and MALDI-ToF MS (Microflex LT,
Bruker Daltonics)™. The aliquot of 10 pL of milk was plated on cattle blood
agar with esculin and incubated at 37°C for 24 and 48 hours. Species
identification was then carried out using MALDI-Tof MS (Microflex LT
system. Bruker Daltonics). Lastly, individual bacterial count (IBC) and SCC
were measured using the BacSomatic instrument (Foss Electric, Denmark).
Samples were classified as positive or negative for mastitis-causing patho-
gens based on the official mastitis report.

Metagenomic DNA extraction and 16S rRNA gene amplicon
sequencing
The metagenomic DNA (mgDNA) was extracted from bacterial pellets
obtained from 40 mL of milk, following the protocol of Winther et al.
(2022)"". A total of 342 samples were processed using the DNeasy Power-
Food Microbial Kit (Qiagen, Germany). Pellets were bead-beaten three
times (30's each with 5 min cooling intervals) in a FastPrep-24 5G (MP
Biomedicals) using the Lactococcus program, and DNA extraction followed
the manufacturer’s protocol. DNA was eluted in 50 uL and stored at —20 °C.
For library preparation, the V3-V4 regions of the 16S rRNA gene were
amplified using primers Uni340F and Bac806R, with PCR conditions as
described by Porcellato et al. (2020)*". Negative controls (reagents and
nuclease-free water) were included to monitor contamination. Sub-libraries
were cleaned and normalized using the SequalPrep Normalization Plate Kit
(Thermo Fisher Scientific), pooled, and quantified with Qubit 2 (dsDNA HS
kit). Sequencing was performed across four batches on an Illumina NovaSeq
6000 platform (2 x 250 bp, V3 kit) at Novogene (Cambridge, UK).

Metagenomic DNA extraction and shotgun sequencing

For metagenomic shotgun sequencing, 73 milk samples were selected from
16 of the 24 cows included in the study, following a multi-step selection
strategy. First, samples were chosen based on the presence of mastitis-
causing pathogens reported in official mastitis records. Second, Bovine
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Cytokine/Chemokine bead-based multiplex cytokine panel assay results
(Merck KGaA, Darmstadt, Germany) (data not shown) were used to
identify samples with immunological profiles of interest. Finally, additional
samples were included to ensure coverage across lactation stages and to
capture intra-cow variation by sampling adjacent healthy quarters. In total,
36 samples were collected before the dry period in 2022, 7 during early
lactation in 2023, 15 during mid-lactation in 2023, and 15 during late
lactation in 2023.

The bacterial pellet was prepared and processed as described by
Duarte & Porcellato (2024)* using the manufacturer’s protocol (Molzym
GmBH & Co. KG. Bremen. Germany). MDA amplification was per-
formed using the REPLI-g Single Cell kit (Qiagen) following the man-
ufacturer’s instructions, with a 16-hour isothermal reaction on a
SimpliAmp thermal cycler (Applied Biosystems). DNA concentration
was measured using the Qubit HS dsDNA assay (Thermo Fisher Sci-
entific) and stored at —20 °C. For Illumina library preparation, mgDNA
was measured again with the Qubit HS kit. Samples below 0.5 ng/uL were
used undiluted (5 uL), while more concentrated samples were diluted to
0.2 ng/pL. Library construction followed the Illumina Nextera XT pro-
tocol, and sequencing was performed on the Illumina NovaSeq 6000
platform (2 x 150 bp) at Novogene (Cambridge, UK).

Bioinformatics processing data

For 16S rRNA gene amplicon sequencing, demultiplexed paired-end reads
were processed in QIIME2 (v2021.4) using the Casava 1.8 pipeline®.
DADA2 was employed to improve taxonomic resolution through error
correction and accurate identification of sequence variants. This workflow
included filtering, trimming, denoising, dereplication, merging of paired
reads, and chimera removal®™. Amplicon sequence variants (ASVs) were
then used to construct a phylogenetic tree via the align-to-tree-mafft-fasttree
pipeline in the q2-phylogeny plugin®. Taxonomy assignment for the 16S
data was performed using a Naive Bayes pre-trained Silva-138-99-nb-
classifier®. For downstream metataxonomic analysis, QIIME?2 artifacts were
imported into R (v3.6.2) using the giime2R package (v0.99.20). Con-
taminant ASV's were identified and removed separately for each sequencing
batch using the Decontam package (v1.12), applying the frequency method
with a 0.5 threshold”. After decontamination and before diversity analysis,
ASVs classified as g-Mitochondria, o-Chloroplast, and d-Archaea, or unas-
signed at the phylum level were excluded. To refine taxonomic resolution
and enable species-level identification where possible, ASVs were manually
verified using MegaBLAST against the 16S ribosomal RNA database
(Bacteria and Archaea).

For shotgun sequencing, short reads from the metagenomic datasets
were processed using the metaWRAP v1.3” pipeline, following the bioin-
formatics workflow for genome-centric metagenomics of the bovine
hindmilk microbiome as previously outlined by Duarte & Porcellato
(2024)”. Taxonomic and functional profiles were obtained using short reads
with MetaPhlAn 3.0"' and HUMAnNN 3.07", respectively. All bioinformatics
analyses were performed with the Orion Cluster at NMBU.

MAGs were classified into high, medium, and low quality according to
the minimum information about metagenome-assembled genome guide-
lines (MIMAG)”. The Genome Taxonomy Database (GTDB) and asso-
ciated taxonomic classification toolkit (GTDB-Tk) (v2.2.5, reference data
version r207_v2)”, was used for taxonomic classification. Identifiers were
assigned to the MAGs based on taxonomic level. Dereplicated high-quality
MAGs were used to generate a phylogenetic tree using FastTree (v2.1.11)",
and their relationships were drawn with the Interactive Tree Of Life
(iTOL)”™. CoverM (v0.6.1)"° was used to retrieve MAGs’s relative abundance
and read counts. Draft genomes were annotated using the NCBI Prokaryotic
Genome Annotation Pipeline (PGAP, release 2024-07-18.build7555)" and
protein sequences were forwarded for functional annotation with
EggnNOG-mapper’®”’. MAGs were also processed through TORMES®
version 1.3.0 (options --gene_min_id 30 --gene_min_cov 30) to detect
antimicrobial resistance (AMR) and virulence genes. For AMR prediction,
three databases were adopted by TORMES (ResFinder"', CARD", and

ARG-ANNOT®, whereas virulence genes were detected through the
Virulence Factor Database (VFDB)*. Multi-locus sequence typing (MLST)
was performed with the mlst software (Seemann T, mlst Github https://
github.com/tseemann/mls) and the PubMLST database®. To investigate
molecules potentially associated with microbial and host interactions in the
mammary gland, BAGEL4"™ was employed to identify genes predicted to
encode bacteriocins in the MAGs, while antiSMASH?, with the strictness
parameter set to “relaxed,” was used to predict bioactive compounds as part
of their secondary or specialized metabolism.

Statistical analysis

Unless otherwise noted, all statistical analyses were performed in R (v4.4.1)
using RStudio (v1.2.5033). Two generalized additive models were fitted to
assess the effects of the lactation period, SCC, parity, and individual animal
variation on Shannon and Simpson diversity indices. The model formula
included random effect smoothers for period, SCC, and animal (s(variable,
bs = “re”)), and a penalized spline smoother with six basis functions (k = 6)
for parity to capture potential nonlinear effects. Model estimation was
performed using restricted maximum likelihood (REML). Data handling
and model fitting were conducted using the R packages phyloseq (v1.34.0)%,
mgcev (v1.9-3)%, and dplyr (v1.1.4)™.

Metataxonomic analyses and visualizations were conducted using R
packages including MicrobiomeR (v1.31.2)  (https://github.com/
microbiome/microbiome), dplyr”, ggplot2 (v 3.5.2) (https://ggplot2.
tidyverse.org), phyloseq®, tidyr (v1.3.1) (https:/github.com/tidyverse/
tidyr), vegan (v2.7-1) (https://github.com/vegandevs/vegan), and pairwise
Adonis  (v0.4)  (https://github.com/pmartinezarbizu/pairwiseAdonis).
Parametric data were analyzed with one-way ANOV A and Tukey’s post hoc
test; non-parametric data with Kruskal-Wallis and Dunn’s test. Two-group
comparisons used the Wilcoxon test. Alpha diversity differences by SCC
and lactation period were assessed using the microbiome package (v2.1.24)
with Wilcoxon’s test. Beta diversity (weighted and unweighted UniFrac) was
evaluated using PERMANOVA (999 permutations). NMDS plots were
generated with microViz (v0.12.7)”". Results with P < 0.05 were considered
significant.

Taxa associations with metadata (SCC, period, sampling day)
were assessed using MaAsLin2 (v1.7.3)” with a negative binomial
model, Benjamini-Hochberg correction (q < 0.25), and animal ID as a
random effect, based on absolute abundances at phylum and genus
levels. The same approach analyzed microbial features (MetaCyc
pathways) against metadata (e.g., SCC and lactation period) and ran-
dom effects (animal), applying the same correction without normal-
ization or transformation.

The resilience of resident microbiota following dysbiosis was
evaluated based on a microbial dysbiosis index (MDI), calculated as
follows: (MDIgmpie=log(Relative Abundance of non-pathobionts/
Relative Abundance of pathobionts). The genera Staphylococcus,
Streptococcus, Enterococcus, Trueperella, Klebsiella, Serratia, Peptos-
treptococcus, Corynebacterium, and Escherichia-Shigella were defined
as pathobionts. A quarter was considered dysbiotic if it had a Shannon
index below the mean of samples with SCC < 100,000 cells/mL
and MDI > 0.

Lastly, samples were rarefied to 4000 sequences before dimensionality
reduction. t-SNE was performed using the Rtsne package (v0.17)” (3D
output), followed by hierarchical clustering (hclust) to group samples based
on microbiota profiles.

Data availability

The sequencing data supporting this study have been deposited in the NCBI
Sequence Read Archive (SRA) under BioProject accession number
PRJNA950968. Associated metadata are available upon reasonable request
from the corresponding author.
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