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Introduction

The transition period from late gestation to early lactation is a critical physiological phase in
dairy cows, requiring extensive metabolic, hormonal, and behavioral adaptations to support
parturition and milk production. Early lactation often leads to negative energy balance as intake
fails to meet energetic demands, compounded by hormonal changes and environmental
stressors such as social regrouping and cow—calf separation (Huzzey et al., 2015). These
challenges contribute to immune activation and inflammatory responses, making the
periparturient period a time characterized by heightened systemic inflammation (Bertoni et al.,
2008) and transient impairment of immune competence (Mallard et al., 1998).

The microbiome plays a central role in host physiology by contributing to tissue function,
modulating immune responses, and influencing host energy metabolism. Microbial
communities and their metabolites are increasingly recognized as key regulators of host
homeostasis and resilience to physiological stress (Eberl, 2010). In this context, the milk
microbiota represents an accessible microbial ecosystem that may reflect systemic metabolic
and immune status rather than solely local mammary health. We therefore hypothesized that
variations in blood metabolic and inflammatory profiles during the transition period are
associated with concurrent changes in milk microbiota composition. This study aimed to
explore the relationships between blood metabolic and inflammation profiles and milk
microbiota dynamics throughout the transition period in Holstein cows, with the objective of
identifying integrative patterns linking systemic physiology and microbial community structure
during early lactation.

Material & Methods

Animals and sampling. Animals selected for this study originated from a single herd of
approximately 700 lactating Holstein cows located in the province of Cremona (Italy), with an
average daily milk yield of 39.29+9.66 kg/d. Cows were housed in a freestall system, fed a total
mixed ration (TMR), and milked twice daily. The project was approved by the ethical
committee of the Catholic University of the Sacred Heart (Piacenza, Italy) and the Italian
Ministry of Health (Rome; protocol number 186/2024-PR), and all procedures were performed
in accordance with the relevant guidelines and regulations. To focus on a relatively
contemporaneous group and reduce potential environmental stress, first- and second-parity
cows calving outside periods of peak heat stress were included. The final cohort comprised 53
cows, monitored longitudinally at three time points: 60 days pre-calving (=60 d, pre-dry-off,
TO0), 5 days postpartum (+5 d, T2), and 30 days postpartum (+30 d, T3), allowing the study of
metabolic and inflammatory dynamics during the transition period. Blood samples (9 mL) were
collected from the jugular vein in the morning before TMR distribution and placed in vacuum
tubes containing 150 lithium heparin USP units (Vacumed; FL Medical, Torreglia, Padua, Italy).


https://doi.org/10.31274/wcgalp.23737
https://creativecommons.org/licenses/by/4.0/
mailto:sara.pegolo@unipd.it

Milk samples were aseptically collected, immediately placed in liquid nitrogen, and then stored
at -80°C for 16S rRNA gene metabarcoding.

Blood metabolites. A complete metabolic and inflammation profile constituted by 31 blood
metabolites was determined on blood samples following protocols described by Mezzetti et al.
(2025). The clinical auto-analyzer ILAB-650 (Instrumentation Laboratory-Werfen, Bedford,
MA) was used to determine the concentrations of glucose, nonesterified fatty acids (NEFA),
beta-hydroxybutyrate (BHB), urea, creatinine, Ca, P, Mg, Na, K, CIl, Zn, aspartate
aminotransferase (AST), y-glutamyl transferase (GGT), alkaline phosphatase, total protein
(PROTY), haptoglobin, ceruloplasmin, albumin, total bilirubin (BILt), cholesterol, globulins,
ROMt, advanced oxidation protein products (AOPP), ferric reducing antioxidant power
(FRAP), thiol groups (SHp), paraoxonase (PON), and myeloperoxidase. In addition, low-
density lipoprotein (LDL) and high-density lipoprotein (HDL) concentrations and creatine
kinase (CK) activity were determined using kits provided by Werfen (Milan, Italy).

16S rRNA gene metabarcoding. DNA was extracted from milk samples using the DNeasy
PowerFood Microbial Kit (Qiagen, Hilden, Germany) according to the manufacturer
instructions. DNA concentration and integrity was measured with a NanoDrop One
spectrophotometer (Thermofisher Scientific) and assessed through the Qubit 3.0 fluorometer
(Thermofisher Scientific). Library preparation and sequencing (PE250 on a NovaSeq6000
platform) were outsourced to Novogene (Cambridge, United Kingdom) using Illumina
technology. Raw reads were quality-filtered and denoised using DADA?2 (Callahan et al., 2016)
to infer Amplicon Sequence Variants (ASVs), which were taxonomically assigned in QIIME2
based on the SILVA 138.2 database. ASV abundance tables were generated at multiple
taxonomic levels (from kingdom to genus) for downstream analyses. Microbial diversity was
assessed using alpha diversity metrics to evaluate within-sample richness and evenness, and
differences between sampling points were tested using linear mixed models with cows’ parity
and time as fixed effects. Beta diversity was calculated to assess differences in microbial
composition between samples, and temporal effects were evaluated using PERMANOVA with
time and parity as factors, with permutations stratified by animal. Beta diversity patterns were
visualized using Principal Coordinates Analysis (PCoA). All diversity analyses were performed
in the R package vegan. Associations between microbial taxa and blood biomarkers were
explored using Sparse Partial Least Squares (sPLS) analysis in the R package mixOmics. Prior
to analysis, blood metabolites and microbial abundance data were corrected for time and parity,
and a multilevel sPLS approach was applied to account for repeated measurements within the
same subjects.

Results & Discussion

At the family level, Corynebacteriaceae, Aerococcaceae, and Oscillospiraceae were the most
abundant taxa, accounting on average for approximately 12.66% (+5.78), 6.41% (£4.86), and
5.78% (£3.84) of total sequences, respectively. Overall community composition was relatively
stable, with only modest and transient changes immediately postpartum (T2). Alpha diversity
(Shannon index) showed minor temporal fluctuations (Fig. 1A), indicating a largely resilient
milk microbial ecosystem from late gestation to early lactation the transition period, consistent
with previous observations in healthy cows Maslennikova et al. (2025). In contrast, beta
diversity based on Bray—Curtis dissimilarity revealed significant temporal shifts in community
structure (PERMANOVA, R? = 0.138, P = 0.001), as visualized by Principal Coordinates
Analysis (PCoA) (Fig. 1B). Interindividual variability increased at 5 days postpartum (T2), in
accordance with previous results which evidences that microbial structure of milk changed
profoundly throughout the calving period in Holstein cattle (Cremonesi et al., 2018). Together,
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these results suggest that while the overall milk microbiome remains relatively stable across the
transition period, compositional shifts may coincide with the major metabolic and
immunological adjustments occurring immediately after calving.
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Figure 1. A) Temporal changes in milk microbiome alpha diversity (Shannon index); B) Beta
diversity (Bray—Curtis) of milk microbiome visualized by Principal Coordinates Analysis

(PCoA). TO: 60 d pre-calving; T2: 5 days postpartum; T3: 30 days postpartum.

sPLS analysis revealed two main axes of covariation between milk microbiome composition
and blood metabolites from late gestation to early lactation (Fig.2).

Color key

BILt

NEFA

I

E

 ——
ﬁ_

BHB.

albumin

g

|

PON

i

—
_

ASVE20
Asvest
ABVITZ
ASVEZE
ASVE1E
ASVE2E
ASYV1852
ASVTOS
ABVAIOT

ABNI1S
ASV1275
ABNTIZ

glucose

ceruloplasmin

ROMT I

haptoglobin

MPO

globulins

As¥1302
ASW2158
ASW2T32
ASWI242
ASW1834
ASWIE30
ASY1483
Asw1a2s
ASW2TSE
ASYI454
ASy1358
ASYIT1Z
ASWI2Td
ASW133
ASYEGE2S
ASYI3TE
prv
AS1428
ASW2204
Asve1
ASVaT4
ASWT25
ASYI51
2515

Figure. 2. Clustered image map (CIM), retaining only variables with an absolute covariation >
0.2. NEFA: nonesterified fatty acids; BHB: beta-hydroxybutyrate, BILt: total bilirubin; ROMt:

total reactive oxygen metabolites; PON: paraoxonase; MPO: myeloperoxidase.

Overall covariation was moderate (r=0.66 for component 1; r=0.74 for component 2).
Component 1 captured associations related to acute-phase response and oxidative stress:
inflammatory markers (e.g., globulin, haptoglobin, ceruloplasmin, ROMT) covaried positively
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with taxa belonging to genera such as 7issierella (ASV705 and ASV1415) and Brevibacterium
(ASV620) and negatively with Corynebacterium (ASV15), whereas PON, a protective
antioxidant enzyme, showed the opposite pattern. The first two taxa have been linked to bovine
digital dermatitis and severe udder cleft dermatitis, respectively (Khalil ez al., 2022; Ekman et
al., 2020), while the inverse trend for Corynebacterium reflects its unclear role in udder health
and intramammary infection (Lucken et al., 2022). Component 2 reflected energy balance and
liver function: metabolites linked to metabolic stress (e.g. BILt, NEFA, BHB) covaried with
taxa belonging to genera such as Staphylococcus (ASV81) and Pseudomonas (ASV1302),
opposite to glucose-associated profiles. These genera are generally associated with mastitis
(Nazmul Hoque et al., 2019), suggesting that negative energy balance may influence the
abundance of potential opportunistic pathogens in milk. Component scores showed
heterogeneous distributions across sampling times, with greater variability at +5d postpartum,
consistent with more pronounced metabolic and immunological fluctuations immediately after
calving. Spearman correlations between somatic cell score and both the sPLS components, for
the microbiome and blood blocks, were not significant, suggesting that the identified
covariation patterns may reflect systemic metabolic and immunological adaptations during the
transition period rather than local mammary inflammatory processes in our population.

Conclusions

Milk microbiota composition from late gestation to early lactation reflects distinct systemic
inflammatory and metabolic states in early lactation, with specific taxa associated either with
acute-phase response and oxidative stress or with energy balance. These findings suggest that
milk microbial profiles could provide a complementary, non-invasive insight into metabolic
and immunological adaptations in dairy cows, potentially informing genetic selection through
the identification of microbiota-associated indicator traits linked to welfare and resilience.

Acknowledgements

Part of the COWHOLIC project. Also, funded by the European Union. Views and opinions
expressed are however those of the authors only and do not necessarily reflect those of the
European Union or REA. Neither the European Union nor REA can be held responsible for
them.

References

Bertoni G., Trevisi E., Han X., ef al. (2008) J. Dairy Sci. 91:3300-3310. doi.org/10.3168/jds.2008-0995

Callahan B.J., McMurdie P.J., Rosen M.J., et al. (2016) Nat. Method. 13:581-583. doi.org/10.1038/nmeth.3869

Cremonesi P., Ceccarani C., Curone G., et al. (2018). PLoS ONE 13:¢0205054.
doi.org/10.1371/journal.pone.0205054

Eberl G. (2010) Mucosal Immunol. 3:450-460. doi.org/10.1038/mi.2010.20

Ekman L., Bagge E., Nyman A., et al. (2020) PLoS ONE 15:¢0242880. doi.org/10.1371/journal.pone.0242880

Hoque M.N,, Istiaq A., Clement R.A., et al. (2019) Scientific Reports 9:13536. doi.org/10.1038/s41598-019-
49468-4

Huzzey J.M., Mann S., Nydam D.V,, et al. (2015) Prevent. Vet. Med. 120:291-297.
doi.org/10.1016/j.prevetmed.2015.04.01 1

Khalil A., Batool A., and Arif S. (2022) Ruminants 2:134-156. doi.org/10.3390/ruminants2010009

Liicken A., Woudstra S., Wente N., et al. (2022) PLoS ONE 17:¢0270867.
doi.org/10.1371/journal.pone.0270867

Mallard B.A., Dekkers J.C.M., Ireland M.J., et al. (2000) J. Dairy Sci. 83:585-595. doi.org/10.3168/jds.s0022-
0302(98)75612-7

Mezzetti M., Marinoni A., Minuti A., ef al. (2025). J. Dairy Sci. (Proof) doi.org/10.3168/jds.2025-27253



https://doi.org/10.3168/jds.2008-0995
https://doi.org/10.1038/nmeth.3869
https://doi.org/10.1371/journal.pone.0205054
https://doi.org/10.1038/mi.2010.20
https://doi.org/10.1371/journal.pone.0242880
https://doi.org/10.1038/s41598-019-49468-4
https://doi.org/10.1038/s41598-019-49468-4
https://doi.org/10.1016/j.prevetmed.2015.04.011
https://doi.org/10.3390/ruminants2010009
https://doi.org/10.1371/journal.pone.0270867
https://doi.org/10.3168/jds.s0022-0302(98)75612-7
https://doi.org/10.3168/jds.s0022-0302(98)75612-7
https://doi.org/10.3168/jds.2025-27253

