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Abstract 

Bac kgr ound: Metabolic disorders in peripartum ruminants affect health and productivity, with gut microbiota playing a key role in 

host meta bolism. Ther efor e, our study aimed to c har acterize the gut microbiota of peripartum dairy cows to better understand the 
relationship between metabolic phenotypes and the rumen and fecal microbiomes during the peripartum period. 

Results: In a longitudinal study of 91 peripartum cows, we analyzed rumen and fecal microbiomes via 16S rRNA and metagenomic 
sequencing across six time points. By using enterotype classification, ecological model, and random for est anal ysis, we identified 

distinct deterministic succession patterns in the rumen and fecal microbiomes (rumen: rapid transition–transition–sta b le; hindgut: 
sta b le–transition–sta b le). K ey micr obes, such as Succiniclasticum and Bifidobacterium , were found to drive microbial succession by bal- 
ancing stochastic and deterministic pr ocesses. Nota b l y, we observ ed that changes in gut micr obiota succession patterns significantl y 
influenced metabolic phenotypes (e.g., serum non-esterified fatty acid, glucose, and insulin levels). Mediation analysis suggested that 
specific gut microbes (e .g., Pr evotella sp900315525 in the rumen and Alistipes sp015059845 in the hindgut) and metabolic pathways (e.g., 
glucose-r elated pathw ay) wer e associated with host meta bolic phenotypes. 

Conclusions: Overall, utilizing a large gut microbiome dataset and enterotype- and ecological model-based microbiome analyses, 
we compr ehensi v el y elucidated the succession and assemb l y of the gut micr obiota in peripartum dair y cows. We further confirmed 

that changes in gut microbiota succession patterns wer e significantl y r elated to the meta bolic phenotypes of peripartum dairy cows. 
These findings provide valuable insights for developing health management str ate gies for peripartum ruminants. 

Ke yw ords: microbiome, d ynamics, longitudinal stud y, co w, metabolic phenotypes, transition period 
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Data Description 

We conducted a 42-day dynamic follow-up study on 91 healthy 
peripartum dairy cows, tr ac king c hanges in the rumen micro- 
biome (476 16S rRNA sequencing samples and 30 metagenomic 
sequencing samples), fecal microbiome (506 16S rRNA sequenc- 
ing samples and 30 metagenomic sequencing samples), and 

metabolic phenotypes (505 samples). We established relation- 
ships between changes in the gut microbiome and metabolic phe- 
notypes . T he metagenomic and 16S rRNA sequencing data used in 

this study have been arc hiv ed in the NCBI database under acces- 
sion numbers PRJNA1161368 and PRJNA1126601, r espectiv el y. 

Introduction 

Ruminants play a crucial role in global food supply and sustain- 
able a gricultur e [ 1 ]. The peripartum period, defined as 21 days 
before until 21 days after calving, is one of the most vulnerable 
times in a ruminant life [ 2 ]. During this phase, due to calving,
dietary changes, and onset of lactation, ruminants undergo sub- 
stantial physiological and metabolic adjustments [ 3–5 ]. Approx- 
Recei v ed: September 18, 2024. Revised: February 27, 2025. Accepted: Mar c h 14, 2025
© The Author(s) 2025. Published by Oxford Uni v ersity Pr ess GigaScience. This is an
Attribution License ( https://cr eati v ecommons.org/licenses/by/4.0/ ), which permits 
the original work is pr operl y cited. 
mately 30–50% of dairy cows experience postpartum metabolic 
iseases , including ketosis , hypocalcemia, and retained placenta 
 5 , 6 ]. These conditions affect the health and productivity of ru-

inants and lead to substantial economic losses [ 7 ]. 
Ruminants hav e e volv ed a unique rumen structur e that en-

bles multiple host–microbiome interactions, most significantly,
ost–rumen microbiome and host–fecal microbiome interactions.
he rumen microbiome is essential for cellulose breakdown,
hort-chain fatty acid production, nitrogen cycling, and vitamin 

ynthesis [ 8 ]. The fecal microbiome contributes to energy and nu-
rient absorption and modulates the host immune system [ 9 ]. Ad-
itionall y, extensiv e r esearc h in adult dairy co ws sho w ed that the
umen and fecal microbiomes affect milk quality and feed effi-
iency [ 10 , 11 ], further highlighting the critical role of these mi-
robiomes in ruminant production and health. 

Recent advances in microbial ecology have brought height- 
ned concerns to the temporal succession and ecological 
ssembly of gut microbiomes. Specifically, microbial succes- 
ion delineates systematic compositional shifts across devel- 
pmental stages, while microbiome assembly encompasses 
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Figure 1: Profiling gut microbiome changes in peripartum dairy cows and their connection to host metabolism: Workflow. BHB: β-hydr oxybutyr ate. 
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eterministic processes that establish functionally coherent com-
 unities thr ough m ultile v el inter actions spanning host phys-

ology, micr obial cr oss-feeding, and envir onmental modulation
 12 , 13 ]. This process includes colonization of v arious micr obial
pecies and their interactions with each other and the host en-
ir onment [ 13 ]. Understanding micr obial succession and assem-
ly is crucial for comprehending how microbial communities are
stablished stably and functionally. This helps understand how
hese microbial communities impact health. The TEDDY study
nd Xiao et al. identified that the infant gut microbiome can be
 oughl y divided into three successiv e sta ges: de v elopment, tr an-
ition, and stable [ 14 , 15 ]. Additionally, they used neutral ecolog-
cal models to elucidate the transformation patterns and driving
orces of the infant gut microbiome [ 15 ]. Furman et al. also found
hat under the deterministic conditions of diet and age in dairy
ows, stochastic effects drive the succession and assembly of the
umen micr obiome thr oughout the cow’s life [ 16 ]. Similarl y, stud-
es on c hic ks [ 17 ], piglets [ 18 ], lambs [ 19 ], and calves [ 20 , 21 ] have
ighlighted how gut microbiome assembly affects the growth and
e v elopment of young animals . T hese studies used large-scale

ongitudinal methods to explore the succession and assembly pat-
erns of the gut microbiome and their dynamic interactions with
he host, providing targeted evidence for promoting healthy de-
elopment and pregnancy via gut microbiome regulation. 

Recentl y, some studies hav e attempted to r e v eal the succession
atterns of the rumen and fecal microbiome in peripartum rumi-
ants (primarily focusing on co ws) [ 22–26 ]. Ho w e v er, due to limi-
ations in sample size and temporal resolution, different studies
ave found varying patterns of change in the gut microbiome of
airy cows. Zhu et al. observed a decrease in the richness of rumen
icr obiota fr om the pr enatal to the postnatal sta ges [ 23 ]. In con-

r ast, Bac h et al. found an increase in the richness of rumen micro-
iota [ 24 ]. Mor eov er, although Zhu et al. noted that the prepartum
ecal microbiota exhibits higher diversity, primarily composed of
irmicutes and Bacteroidetes [ 25 ], Luo et al. reported no marked
iffer ences in div ersity befor e and after calving, with slight dif-
erences in phylum composition [ 26 ]. Although these studies in-
icate v arying r esults, they consistentl y suggest the potential for
emodeling the gut microbiome in peripartum cows. Considering
he substantial metabolic changes during the peripartum period,
her e r emains a ga p in our understanding of the succession pat-
erns of rumen and fecal microbiomes and their impact on host
etabolism. Ad ditionally, exploring k e y factors dri ving these mi-

robiome dynamics is crucial. Understanding these factors could
otentially allow us to predict and determine when and how to

ntervene in the microbiome assembly process to modulate its
tructure and function. In addition to normal dynamic changes,
ndividual factors (e.g., parity and body condition) have previously
een reported to correlate with ruminant gut microbiomes [ 27 ,
8 ]. A compr ehensiv e anal ysis of these factors will aid in better
nderstanding the dynamic changes of the microbiome in peri-
artum ruminants. 

In this study, we used dairy cows with highly controlled feeding
ystems , diets , and housing as our subjects. By conducting a lon-
itudinal observation of the gut microbiome and host metabolic
ndicators of dairy cows 21 days before until 21 days after calv-
ng, we aim to enhance our detailed understanding of the gut mi-
robiome and host metabolic characteristics in peripartum rumi-
ants, potentially facilitating the development of new strategies
o impr ov e postpartum health in ruminants. 

esults 

ynamic changes in gut microbial composition 

n peripartum dairy cows 

hr ough a rigor ous pr ospectiv e cohort study design (Fig. 1 ), we
bserved a clear separation of gut microbiota in peripartum
airy cows among the sampling time points, underscoring the
emodeling of the cow gut microbiota during peripartum peri-
ds ( Supplementary Figs S1 a and S2 a). The α-diversity (Chao1
nd Shannon indexes) of ruminal micr obiota incr eased 21 days
efore until 1 day after calving, decreased from 1 to 7 days
fter calving, and stabilized from 7 to 21 days after calving
 Supplementary Fig. S1 b). Conv ersel y, the α-div ersity of fecal mi-
r obiota decr eased 21 days befor e until 3 days after calving, in-
r eased fr om 3 to 7 days after calving, and stabilized from 7
o 21 days after calving ( Supplementary Fig. S2 b). We also ob-
erved significant changes in the α-diversity of rumen microbiota
t just 1 day postpartum. Conv ersel y, fecal micr obiota sho w ed a
imilar response but at 3 days postpartum. Additionally, in both
umen and fecal samples, the dominant microbial phyla were

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf042#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf042#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf042#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf042#supplementary-data
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Figure 2: Classification of the rumen and fecal microbiome in peripartum dairy cows based on microbial community clusters. Boxplots showing intra- 
and interindividual Bray–Curtis dissimilarity in microbiome profiles: (A) Rumen and (F) feces . T he PCoA plot-based Bray–Curtis dissimilarity of 
micr obiome pr ofiles acr oss differ ent DMMs: (B) rumen and (G) feces. DMM r epr esents a micr obial comm unity cluster. Ring c harts showing the 
distribution of DMMs, with the numbers in the middle of the ring charts representing the sampling time points: (C) rumen and (H) feces. LEfSe reveals 
the k e y gener a of differ ent DMMs: (D) rumen and (I) feces. Tempor al c hanges of Shannon index in eac h DMM: (E) rumen and (J) feces. 
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Firmicutes , Bacteroidetes , Actinobacteria, Spir oc haetes, and Pr o- 
teobacteria ( Supplementary Figs S1 c and S2 c). 

Importantl y, we observ ed significantl y gr eater interindivid- 
ual than intraindividual variability across both rumen and fe- 
cal microbiota (Fig. 2 A and F), and the interindividual varia- 
tion in the rumen and fecal microbiota constituted 26.14% and 

24.96% of the total compositional v ariation, r espectiv el y (per- 
m utational m ultiv ariate anal ysis of v ariance (PERMANOVA), P 
< 0.01, Supplementary Figs S1 a and S2 a). To more accurately 
demonstr ate micr obial succession in the rumen fluid and feces of 
eripartum co ws, w e a pplied the Diric hlet m ultinomial mixtur e
DMM) method. At the genus le v el, based on the lo w est Laplace
 ppr oximation scor es ( Supplementary Figs S1 d and S2 d), the anal-
sis yielded 7 and 5 DMM clusters for rumen and fecal samples,
 espectiv el y (Fig. 2 B and G). Regarding ruminal microbiota, Pre-
otella , NK4A214 group , Lachnospiraceae NK3A21 group , Acetitomacu-

um , and Succiniclasticum were the top five genera defining RDMMs
DMM clusters for rumen microbiota; Supplementary Fig. S1 e).
he heatmap in Supplementary Fig. S1 f displays the distribution
f these genera across different RDMMs. Each RDMM exhibited a

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf042#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf042#supplementary-data
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https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf042#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf042#supplementary-data
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nique timing of a ppear ance and dominant genera (Fig. 2 C and D).
DMM1 was dominated by Succiniclasticum , pr ominentl y a ppear-

ng until 7 days postpartum, and its pr oportion incr eased fr om
 to 21 days postpartum; RDMM2, c har acterized by Muribaculum
nd Prevotella , first a ppear ed on day 1 postpartum, with its pro-
ortion increasing from 1 to 7 days postpartum, and then gradu-
ll y decr easing fr om 7 to 21 days postpartum; RDMM3, dominated
y Prevotellaceae UCG-003 , was present before parturition, with its
r oportion incr easing fr om pr epartum to 3 days postpartum, and
hen gr aduall y decr easing fr om 3 to 21 days postpartum; On the
ther hand, RDMM4 and RDMM5 were primarily active on day
1 prepartum and gradually diminished postpartum. Specifically,
O82 was identified as the dominant genus for RDMM4, while Lach-
ospiraceae NK3A21 group , Christensenellaceae R-7 group , Acetitomac-
lum , NK4A214 group , and Ruminococcus were the dominant gen-
r a for RDMM5; Finall y, RDMM6 emer ged on day 1 postpartum
ith dominant genera including Rikenellaceae RC9 gut group , Pre-
otella UCG-001 , and Treponema , gr aduall y diminishing over the
ime . By da y 3 postpartum, RDMM7, c har acterized by the Eubac-
erium coprostanoligenes group , Olsenella , and the Ruminococcus gau-
reauii group , began to appear, and gradually increased over the
ime points. In ad dition to the occurrence windo ws, w e noted the
 hanging comm unity c har acteristics of the rumen clusters ov er
he time . T he dominant clusters shifted from RDMM4 and RDMM5
repartum to RDMM6 on 1 day postpartum, then to RDMM3 by 3
a ys , RDMM2 by 7 da ys , and finally to RDMM1 by 14 and 21 days

Fig. 2 C). Further analysis indicated that except for appearing to
ecline significantly in RDMM3 at 14 days postpartum, the Shan-
on diversity of the other RDMM clusters remained relatively sta-
le across the different timepoints (Fig. 2 E). 

In the fecal microbiota, the top five genera defining FDMMs
DMM clusters for fecal microbiota) were UCG-005 , the Rikenel-
aceae RC9 gut group , Romboutsia , Bifidobacterium , and UCG-010
 Supplementary Fig. S2 e). The heatmap in Fig. S2 f illustrates
he distribution of these genera across different FDMMs. Simi-
arl y, Eac h FDMM also exhibited a unique timing of a ppear ance
nd dominant genera (Fig. 2 H and I). FDMM1, c har acterized by
ominant genera, including Romboutsia , Paeniclostridium , the Lach-
ospiraceae NK3A20 group , and the Christensenellaceae R-7 group ,
as primaril y observ ed at 21 days pr epartum; the pr oportion of
DMM1 gr aduall y decr eased, and finall y disa ppear ed postpartum.
DMM2 and FDMM3 a ppear ed pr epartum, and their pr oportion
ncreased postpartum. FDMM2 was predominantly defined by the
ikenellaceae RC9 gut group , Muribaculaceae , and Alistipes ; FDMM3
as dominated by the Bacteroidales RF16 group and Prevotellaceae
CG-003 . FDMM4 did not exhibit any dominant genera, indicat-

ng its instability, whereas FDMM5 was dominated by Bacteroides.
he two clusters wer e pr esent thr oughout the peripartum pe-
iod, with a peak at 3 days postpartum. Importantly, the com-
 unity c har acteristics of fecal clusters v aried ov er the timepoints

Fig. 2 H). FDMM1 was dominant at 21 days prepartum and 1 days
ostpartum, experiencing a shift on 3 days postpartum with no
ominant cluster, and stabilized by 7–21 days postpartum, with
DMM2 and FDMM3 becoming dominant. The Shannon index of
DMM1, FDMM2, and FDMM3 initiall y decr eased and then stabi-
ized, whereas that of FDMM4 continued to decrease, and that of
DMM5 fluctuated (Fig. 2 J). 

ynamics of the individual gut microbiota in 

eripartum cows 

o delve deeper into the transformation process of microbial com-
unity clusters in the rumen and feces in 91 peripartum cows,
e analyzed their transitions across different sampling days at
he individual le v el. We observ ed a distinct trend of transitions
etween the community clusters throughout the study period
Figs 3 A and 4 A; Supplementary Tables S1 and S2 ). Specifically,
rom 21 days prepartum to 1 day postpartum, the RDMM4 to
DMM6 and RDMM5 to RDMM6 transitions represented 24.1% and
6.5% of the total transitions in the rumen, respectively, highlight-
ng them as the dominant transformations ( Supplementary Table
1 ). Similarly, the RDMM6 to RDMM3 transition was the domi-
ant transformation (23.6%) from 1 day to 3 days postpartum;
DMM3 to RDMM2 (19.2%) and RDMM3 to RDMM3 (17.8%) were
he dominant transformations from 3 days to 7 days postpartum;
DMM2 to RDMM1 (16.4%) and RDMM2 to RDMM2 (19.2%) were
he dominant transformations from 7 days to 14 days postpartum;
nd RDMM1 to RDMM1 (28.2%) was the dominant transformation
rom 14 days to 21 days postpartum ( Supplementary Table S1 ). Re-
arding fecal microbiota, the FDMM1 to FDMM1 transition (41.7%)
as the dominant tr ansformation fr om 21 days prepartum to 3
ays postpartum. Inter estingl y, we did not observe any dominant
r ansformations fr om 3 da ys to 7 da ys postpartum, highlighting
he instability of the fecal microbial community structure dur-
ng this period; ho w e v er, the FDMM2 to FDMM2 and FDMM3 to
DMM3 transitions dominated from 7 days to 21 days postpartum
 Table S2 ). 

To quantitativ el y integr ate the tr ansitions of micr obial clus-
ers in the rumen and feces during the peripartum period, we
e v eloped a Markov chain model (Figs 3 B and 4 B). For rumen,
e found that RDMM2–6 had high frequencies of transitioning

o other clusters, with RDMM4–6 exhibiting lo w er self-transition
 ates (below 20%), likel y contributing to their r a pid disa ppear ance
uring the succession process . Con versely, RDMM2 and RDMM3
xhibited self-transition rates of 45% and 35%, respectively. These
w o RDMMs w er e mor e stable and ma y thus pla y a role in bridging

icrobial succession. In addition, RDMM1 and RDMM7, with self-
r ansition r ates of 58% and 64%, r espectiv el y, and m utual tr ansi-
ion rates above 30%, exhibited stability and maturity during the
ater stages of the peripartum period. T hus , peripartum microbial
uccession could be divided into three phases: rapid transition
RDMM4–6), transition (RDMM3 and RDMM2), and stabilization
RDMM1 and RDMM7). Based on the above microbial succession
atterns, we used a r andom for est algorithm to construct a clas-
ification model. Following 5 rounds of 10-fold cr oss-v alidation,
e determined that the model constructed using the top 100 am-
licon sequence variants (ASVs) with the highest accuracy ex-
ibited the highest prediction rate (AUC > 0.95) ( Supplementary
ig. S3 a and Fig. 3 C). In addition, we found that the genera, in-
luding the Rikenellaceae RC9 gut group , Prevotella , Acetitomaculum ,
nd F082 , played k e y roles in constructing the classification model
 Supplementary Fig. S3 a). 

In the study of fecal microbiota during the peripartum pe-
iod, we also observed distinct self-transfer rates among FDMMs.
pecifically, FDMM4 and FDMM5 exhibited lo w er self-transfer
ates of 26% and 23%, respectively. In contrast, FDMM1, FDMM3,
nd FDMM2 displayed higher rates of 41%, 46%, and 66%, respec-
iv el y (Fig. 4 B). In addition, the conversion rate of FDMM4 and
DMM5 to FDMM1 r eac hed 16% (Fig. 4 B). The m utual tr ansfer
ates between FDMM2 and FDMM3 exceeded 20%, reflecting their
 elativ e stability and maturity during the microbial succession
r ocess. Compar ed with rumen micr obiota, fecal micr obiota tr an-
itioned into a stable phase within 7 days postpartum, illustrat-
ng a shorter transition period. Based on these findings, we cat-
gorized fecal microbiota succession into three distinct stages:
tabilization (FDMM1), transition (FDMM4 and FDMM5), and

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf042#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf042#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf042#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf042#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf042#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf042#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf042#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf042#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf042#supplementary-data
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Figure 3: Temporal dynamics of ruminal DMMs in peripartum dairy cows. (A) Sanky dia gr am showing the transition of ruminal DMMs across six 
sampling timepoints. (B) Markov chain with subject-independent transition probabilities among ruminal DMMs, in which arrow weights are 
proportional to the maximum likelihood estimate of the transition probabilities among different states. Ruminal DMMs in different colored boxes are 
in different stages of microbial succession. The numbers represent the conversion rates across different ruminal DMMs . T he numbers represent the 
conv ersion r ates acr oss differ ent ruminal DMMs. (C) Receiv er oper ating c har acteristic curv e demonstr ating the accur acy of the classification model for 
the successional stages in the rumen microbiome of peripartum dairy cows. 
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stabilization (FDMM2 and FDMM3). Using the top 120 ASVs 
with a random forest algorithm, we developed a classification 

model, which after rigorous cross-validation sho w ed high pre- 
dictiv e accur acy (AUC > 0.95) ( Supplementary Fig. S3 b and 

Fig. 4 C). We observed that k e y genera, including Rombout- 
sia , UCG-005 , Paeniclostridium , and Bifidobacterium played pivotal 
roles in this model, further underscoring their importance in 

predicting peripartum fecal microbiota succession patterns 
( Supplementary Fig. S3 b). 

Assembly mechanism of rumen and fecal 
microbes in peripartum dairy cows 

We demonstrated that microbial succession in the rumen and 

feces of peripartum dairy cows pr ogr esses thr ough thr ee sta ges.
Understanding the underlying reasons for these transformations 
is of great interest. T herefore , we explored the internal driving 
forces of rumen and fecal microbiota using phylogenetic bin- 
based null model analysis (ICAMP) of ecological models to elu- 
cidate potential factors influencing microbial community dynam- 
cs. Our anal ysis r e v ealed that stoc hastic pr ocesses dominated the
icr obial assembl y in both rumen (81%) and fecal (82%) commu-

ities of peripartum dairy cows ( Supplementary Fig. S4 a and b).
mong these processes, dispersal limitation (DL) emerged as the 
rimary driver in stochastic processes, while homogeneous se- 

ection (HOS) constituted the most significant deterministic pro- 
ess ( Supplementary Fig. S4 a and b). We further compared the
cological processes of different microbial clusters, focusing pri- 
arily on HOS and DL because of the minor r elativ e contribu-

ions of other processes (heterogeneous selection, homogeniz- 
ng dispersal, and drift). We found significant differences in the
OS and DL processes among the different ruminal and fecal

uccession patterns (Figs 5 A and 6 A), indicating that ecologi-
al processes drive the succession of microbial communities in 

he rumen and feces of peripartum cows. In the rumen, we ob-
erved a significant decline in the proportion of DL processes
uring the succession period, whereas the proportion of HOS 
r ocesses incr eased. Conv ersel y, the fecal micr obiota exhibited
igher DL and lo w er HOS during succession, highlighting the k e y
ole of deterministic and stochastic processes in the succession 

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf042#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf042#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf042#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf042#supplementary-data
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Figure 4: Temporal dynamics of fecal DMMs in peripartum dairy cows. (A) Sanky dia gr am showing the transition of fecal DMMs across six sampling 
timepoints . (B) Marko v c hain with subject-independent tr ansition pr obabilities among fecal DMMs, in whic h arr o w w eights ar e pr oportional to the 
maximum likelihood estimate of the transition probabilities among different states . F ecal DMMs in different colored boxes are in different stages of 
microbial succession. The numbers represent the conversion rates across different fecal DMMs . T he numbers represent the conversion rates across 
different fecal DMMs. (C) Receiver operating characteristic curve demonstrating the accuracy of the classification model for the successional stages in 
the fecal microbiome of peripartum dairy cows. 
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f ruminal and fecal microbiota during the peripartum period,
 espectiv el y. 

Furthermore, we divided ruminal and fecal ASVs into 144 and
37 bins, r espectiv el y ( Supplementary Tables S3 and S4 ). In the ru-
en, deterministic HOS dominated 3 of the top 20 r elativ e abun-

ances of RBins (bins for rumen micr obiota), wher eas DL domi-
ated the remaining 17 RBins (Fig. 5 B). Conversely, in feces, HOS
ominated 2 of the top 20 r elativ e abundances of FBins (bins for
ecal micr obiota), wher eas DL dominated the r emaining 18 FBins
Fig. 6 B). We also presented the abundance and ecological pro-
ess contributions of the top 20 bins in the rumen and feces at
ifferent successional stages (Figs 5 C and 6 C). In the rumen, Suc-
iniclasticum , Prevotellaceae UCG-001 , Prevotella , the Eubacterium co-
rostanoligenes group , and Olsenella were identified as k e y dri vers of
icrobial succession, with their changes in relative abundance
cr oss differ ent sta ges aligning with their contributions to the
OS process (Fig. 5 D and E). Similarly, in feces, Bifidobacterium ,

reponema , UCG-005 , the Lachnospiraceae AC2044 group , the Rikenel-
aceae RC9 gut group , and Monoglobus were identified as k e y dri vers
f microbial succession, with their relative abundance changes
cr oss sta ges consistent with their contributions to the DL pro-
ess (Fig. 6 D and E). 

ontribution of multiple individual factors to gut 
icrobial succession 

o assess the influence of individual factors on gut microbial suc-
ession, the samples were stratified into all and three successional
tages for covariate analysis (Fig. 7 ). We found that factors such as
iet, parity, age, calving to days (CD), and pH were associated with

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf042#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf042#supplementary-data
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Figure 5: Ecological assembly mechanism of rumen microbiome in peripartum dairy cows. (A) Relative importance of HOS and DL processes in the 
rumen microbiome at different successional stages in peripartum cows. HOS and DL represent “Homogeneous Selection” and “Dispersal Limitation”, 
r espectiv el y. (B) Differ ences in ecological pr ocesses among differ ent phylogenetic gr oups (the r elativ e abundance of the top 20 bins) in the rumen. The 
different colors of the inner and outer circles r epr esent the phylum affiliations of the bins and the ecological processes driven by the bins, respectively. 
(C) Stacked plot showing the relative abundance of the top 20 bins in different rumen stages. (D) Relative contribution of the top 20 bins to DL and HOS 
processes in different rumen stages. (E) The r elativ e abundance of r epr esentativ e gener a of bins contributing to succession at differ ent rumen sta ges. 
RS r epr esents a rumen succession sta ge. 
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rumen microbial succession. Specifically, CD and dietary nutrient 
le v els explained most of the variance in rumen stage 1 (RS1), CD 

and birth weight explained most of the variance in RS3, while RS2 
was most str ongl y r elated to sir e. For fecal micr obiota, CD, diet,
and a ge wer e significant factors associated with micr obial suc- 
cession, with CD and diet explaining most of the variance in fecal 
stage 1 (FS1). FS2 was associated with factors such as sire, pH, and 

pr edeliv ery—actual data, and sire also explained the largest vari- 
ance in FS3. 
Furthermore, we further examined the effects of individual fac- 
ors on k e y taxa in the comm unity assembl y using the MaAsLin2

ethod ( Supplementary Table S5 ). In the rumen, the r elativ e
bundance of Succiniclasticum , Prevotella , Prevotellaceae UCG-001,
lsenella , and the Eubacterium coprostanoligenes group was most 
tr ongl y associated with CD, diet, and pH. In the hindgut, the
esults show that the relative abundance of the Lachnospiraceae 
C2044 group was associated with sire and milk yield in last par-

ty, and the r elativ e abundance of Monoglobus was related to diet.

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf042#supplementary-data
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Figure 6: Ecological assembly mechanism of the fecal microbiome in peripartum dairy cows. (A) Relative importance of HOS and DL processes in the 
fecal microbiome at different successional stages in peripartum cows. HOS and DL represent “Homogeneous Selection” and “Dispersal Limitation”, 
r espectiv el y. (B) Differ ences in ecological pr ocesses among differ ent phylogenetic gr oups (the r elativ e abundance of the top 20 bins) in the feces . T he 
different colors of the inner and outer circles r epr esent the phylum affiliations of the bins and the ecological processes driven by the bins, respectively. 
(C) Stacked plot showing the relative abundance of the top 20 bins in different fecal DMMs. (D) Relative contribution of the top 20 bins to DL and HOS 
processes in different fecal DMMs. (E) The r elativ e abundance of r epr esentativ e gener a of bins contributing to succession at differ ent fecal sta ges. FS 
r epr esents a fecal succession stage. 
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o w e v er, other k e y taxa were not associated with these indi vidual
actors. 

ut microbial succession types influence host 
etabolic phenotypes in peripartum dairy cows 

irst, we assessed the dissimilarity at the ASVs le v el between the
umen and fecal microbiota, yielding an M 

2 value of 0.79 (Fig. 8 A).
urther source-tr ac king anal ysis sho w ed that a ppr oximatel y 80%
f the fecal microbiota originated from fecal microbiota at the pre-
ious sampling timepoint, whereas only 4% could be traced back
o rumen microbiota at the same sampling timepoint (Fig. 8 B).
hese results suggest a weak link between the rumen and fecal
icr obiota, supporting their consider ation as distinct units when

tudying their effects on the metabolism of peripartum dairy
ows. Additionally, the rumen and fecal microbiota contributed
o changes in blood metabolic indicators by 20.64% and 19%, re-
pectiv el y ( Supplementary Table S6 ). Concomitantly, we did not

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf042#supplementary-data
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Figure 7: Significance and explained variance of 18 microbiome covariates modelled by EnvFit across all data types. RS represents a rumen succession 
sta ge. FS r epr esents a fecal succession stage. Horizontal bars show the amount of variance ( r 2 ) explained by eac h cov ariate in the model as determined 
by EnvFit. Significant covariates ( P < 0.05) are represented in bold. P-A: predelivery—actual; BW: birth weight; DIM: days in milk; NM: number of 
matings; CD: calving to days; MY: milk yield; RPH: ruminal pH; BCS: body condition score; RT: rectal temperature; FPH: fecal pH; CP: crude protein; 
ADF: acid detergent fiber; NDF: neutral detergent fiber. 
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observ e an y significant differ ence in the r esiduals between these 
microbiota and blood indicators, further supporting their similar 
contributions to the host metabolism (Fig. 8 C). 

Based on these findings, we separ atel y counted the transfor- 
mation types of gut microbiota and analyzed effects of the dif- 
ferent types on host metabolic phenotypes at the individual level 
(Fig. 8 D and F). Significant differences in blood metabolic indica- 
tors were observed across different transformation types (Fig. 8 E 
and G). Transformation types in the rumen microbiota signifi- 
cantly influenced host change levels of serum non-esterified fatty 
acids (NEFA), insulin-like growth factor-1 (IGF-1), revised quanti- 
tative insulin sensitivity c hec k index- β-hydr oxybutyr ate (RBHB),
and glucose ( P < 0.05), while transformation types in the fecal mi- 
cr obiota notabl y affected serum insulin (INS), triglycerides (TG),
NEFA, β-hydr oxybutyr ate (BHB), and IGF-1 c hange le v els ( P < 0.05).

Transition in the metabolic capacity of the gut 
microbiome and microbe–host interactions in 

peripartum dairy cows 

To validate our bacterial findings and e v aluate functional suc- 
cession transitions in rumen and fecal microbiome, we analyzed 

microbial and functional changes across succession stages using 
metagenomic data. Rumen and fecal microbiome clustered dis- 
tinctly at the species level (Fig. 9 A), and network analysis also 
r e v ealed significant sta ge-specific differ ences in micr obial inter- 
actions (Fig. 9 B and C). For example, in the stable stages of fe- 
ces (FS1 and FS3), species sho w ed simpler interactions and lo w er 
centrality (Fig. 9 C). Meanwhile, the node analysis results also re- 
vealed that the k e y taxa driving microbial succession, such as ru- 
minal Prevotella and Succiniclasticum , as well as fecal Bifidobacterium 

and Treponema , played pivotal roles in the network composition 

( Supplementary Tables S7 –12 ). 
Similarly, rumen and fecal microbiota clustered separately at 

the pathway le v el (Fig. 9 D). We found that the RS2 and RS3 stages 
wer e mor e similar, while FS2 and FS1 sta ges wer e closer. Despite 
aving different dominant species at various successional stages,
hese results further suggest that the successional patterns of ru-

en and fecal microbiota during the peripartum period are fun-
amentall y differ ent. In addition, metabolic pathways also dis-
layed stage-specific patterns (Fig. 9 E and F). In the rumen, the
S1 stage was characterized by upregulated pathways involved 

n pyruv ate fermentation, gl ycol ysis , nucleotide biosynthesis , and
mino acid metabolism. In the RS3 sta ge, ther e was an upr egu-
ation of pathways related to the Bifidobacterium shunt, glyco- 
en degradation, and aromatic amino acid biosynthesis. Notably,
olyamine biosynthesis , gluconeogenesis , and coenzyme A syn- 
hesis were consistently upregulated in both RS2 and RS3 stages.
n the hindgut, metabolic pathways such as sulfate reduction and
ulfur metabolism, methanogenesis V, and the incomplete reduc- 
ive TCA c ycle w ere upregulated in the FS1 stage . T he FS3 stage
xhibited upregulation of pathways related to D-galacturonate 
egr adation I, D-fructur onate degr adation, gl ycol ysis IV, L-l ysine
iosynthesis , and UMP biosynthesis . Common pathwa ys , such
s inosine-5 ′ -phosphate biosynthesis, gl ycol ysis I and II, mixed
cid fermentation, and thiamine metabolism, were upregulated 

n both FS1 and FS2 stages. 
Further, we used mediation models to explore the relation- 

hips between significantly different species, metabolic pathways,
nd metabolic phenotypes. In the rumen, we identified 280 rela-
ionships with mediating effects, 19 of which sho w ed mediation,
irect, and total effects ( Supplementary Table S13 ). For exam-
le, rumen Prevotella sp900315525 and pyrimidine deo xyribon u- 
leotide de novo biosynthesis II promotes the ele v ation of serum
EFA le v els. In contr ast, the ele v ated abundance of UBA3839

p900314125 and gl ycol ysis I as well as UBA2813 sp902801985
nd L-lysine biosynthesis I reduce serum NEFA levels (Fig. 9 G).
n the hindgut, we identified 1,360 relationships with mediating 
ffects, 41 of which sho w ed mediation, direct, and total effects
 Supplementary Table S14 ). For example, the abundance of CAG-
91 sp902780385 and starc h degr adation III was associated with
ncr eased serum INS le v els . Con v ersel y, the incr eased abundance

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf042#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf042#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf042#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf042#supplementary-data
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Figure 8: Analysis of the relationship between the rumen and fecal microbiome as well as the effect of succession types on host metabolic phenotype 
in peripartum cows. (A) Procrustes analysis of the correlation between ruminal and fecal microbiome based on the Bray–Curtis dissimilarity of ASVs 
( M 

2 = 0.79, P < 0.01, 999 permutations). (B) Source tr ac king of the fecal microbiome in peripartum cows . F ecal samples from the former sampling 
timepoint and rumen samples from the same sampling timepoint were considered potential sources of feces at this timepoint in the same cow. (C) 
Residuals showing the difference in the microbe–host association from rumen and feces with relative abundance. Microbial succession types and 
statistics: (D) rumen and (F) feces. Boxplot showing the significance test of effect of succession types on host metabolic phenotype (only significant 
combinations are shown): (E) rumen and (G) feces. S1–S1: the microbial stage of the individual transitions from S1 to S1; RBHB: revised quantitative 
insulin sensitivity c hec k index- β-hydr oxybutyr ate; BHB: β-hydr oxybutyr ate; HP: haptoglobin; T-AOC: total antioxidant capacity; AST: aspartate 
aminotr ansfer ase; ALT: alanine aminotr ansfer ase; IGF-1: insulin-like growth factor 1; NEFA: non-esterified fatty acids; TG: triglycerides; INS: insulin. 
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Figure 9: Analysis of microbiome–host interactions in peripartum cows. (A) The PCoA based on species-le v el Br ay–Curtis dissimilarity shows 
differences in rumen and fecal microbiome profiles across succession stages. (B) The co-occurrence network diagram displays the SparCC interaction 
relationships of the top 500 abundant genera in different rumen of fecal succession stages ( R > 0.6; P < 0.05). (C) Topological analysis of the 
co-occurrence network. (D) The PCoA analysis based on Bray–Curtis dissimilarity of pathways r e v eals distinct microbial functional profiles in the 
rumen and feces across different successional stages. Heatmap showing the significantly different metabolic pathways (normalized) of the 
microbiome at different succession stages in peripartum cows: (E) rumen and (F) feces. Part of mediation linkages among the species , pathwa ys , and 
metabolic phenotype: (E) rumen and (F) feces. 
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of Treponema-D sp017381365 and gl ycol ysis III as well as Alistipes 
sp015059845 and gluconeogenesis I reduce serum TG and INS lev- 
els (Fig. 9 H). 

Discussion 

To our knowledge, this study is the first to investigate the gut 
microbiomes of peripartum dairy cows using a large-scale, high- 
requency sampling approach. We also uniquely emplo y ed a com-
ination of microbial clustering, ecological modeling, and ran- 
om forest analysis to reveal that the rumen and fecal mi-
robiome succession in peripartum dairy cows can be divided
nto three distinct stages . T he results sho w ed significant differ-
nces in the composition and function of rumen and fecal micro-
iota across these successional sta ges. Mor eov er, the tr ansitions
etween these sta ges wer e driv en not onl y by differ ent taxa but
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lso significantly influenced the metabolic phenotype changes in
eripartum dairy cows. 

As expected, we observed significant changes in the microbial
tructure of the rumen and feces in peripartum dairy co ws. Ho w-
 v er, compar ed to pr e vious studies, the tr ends in the Chao1 and
hannon indices of the rumen and fecal microbiomes in our study
ho w ed unique c har acteristics [ 23–26 ]. Notabl y, these pr e vious
tudies were conducted on the same breed of cows with similar
eripartum diets—high-fiber diets before calving and high-starch
iets postpartum. This underscores the importance of large sam-
le sizes and high temporal resolution in revealing changes in gut
icr obiome. Furthermor e, we found that individual differences

ad an e v en gr eater impact on gut micr obiome structur e thr ough-
ut the peripartum period than changes observed within individ-
als over time, indicating that peripartum dairy cow trials need

arger sample sizes to mitigate the impact of interindividual vari-
bility on experimental outcomes, ther eby effectiv el y contr olling
he occurrence of false positive errors. Importantly, we identified
hree deterministic successional stages in both the rumen (r a pid
r ansition, tr ansition, stabilization) and feces (stabilization, tran-
ition, stabilization), r e v ealing the compartmentalized ada ptiv e
trategies of gut microbial communities to peripartum stress. Ru-
en micr obiota wer e mor e sensitiv e to str ess, while fecal micr o-

iota exhibited a delayed response, a c har acteristic also observed
n a study by Bach et al. [ 24 ]. Typically, the most se v er e negativ e
nergy balance in dairy cows occurs within the first 2 weeks af-
er calving and gr aduall y alle viates as the days in milk increasing.
his aligns with the stabilization of the ruminal microbiota be-
inning at 14 days postpartum, indicating that the microbial com-
 unity r estructuring is an activ e participant in metabolic r ecov-

ry, not just a bystander. During the ruminal stabilization stage,
he dominant Succiniclasticum is associated with the conversion of
uccinate to propionate, a critical pathway for gluconeogenesis
uring negativ e ener gy balance. In contr ast, the earl y stabiliza-
ion of the feces (at 10 days postpartum) coincides with the peak
ncidence of metabolic diseases [ 5 , 29 ], suggesting that the fecal

icrobiota may prioritize immune homeostasis over energy ac-
uisition [ 30 ]. 

Additionall y, we innov ativ el y used ecological modeling to es-
imate the assembly processes of rumen and fecal microbiota in
airy cows . T he div er gent assembl y mec hanisms of the rumen mi-
robiota (dominated by HOS) and the fecal microbiota (dominated
y DL) during succession highlight the compartment-specific se-
ection pr essur es . HOS suggests that under en vir onmental pr es-
ur e, micr obial comm unity compositions tend to become homo-
eneous, emphasizing the dominant role of environmental factors
n shaping microbial community structures [ 31 , 32 ]. In contrast,
L r efers to c hanges in the r elativ e abundance of species in the
icr obial comm unity due to r andom e v ents (including r andom

eaths or births), implying that ecological niches in the commu-
ity are not completely occupied or utilized [ 33 , 34 ]. Succiniclas-

icum is not only the dominant genus during the rumen stabiliza-
ion stage but also activ el y r esponds to the HOS pr ocess within the
umen micr obial comm unity. Pr e vious studies hav e alr eady con-
rmed the impact of diet on community succession in dairy cows
 16 ]. Combined with the linear increase in feed intake of postpar-
um cows [ 35 ], this may reflect the selective pressure imposed by
he host through pH shifts and the influx of dietary starch, which
lso favors the growth of acid-tolerant taxa such as Prevotella . In
ontr ast, the DL-driv en pattern in the feces indicates that neu-
r al pr ocesses dominate, likel y due to physical nic he partition-
ng (e .g., mucus la yer gr adients) whic h limits micr obial dispersal
 36 ]. Notably, Bifidobacterium , as a k e y DL-associated taxon, may oc-
upy unutilized niches by producing substances such as acetate,
hich helps maintain gut homeostasis and inhibit pathogens

 37–40 ]. These findings align with metacommunity theory, ac-
ording to which rumen microbiota resemble a “species-sorting”
odel, while fecal communities follow “neutral assembly.” These

ndings further support the results of Shen et al. [ 41 ], which sug-
ested that the fecal microbiome in ruminants more accurately
eflects the host health status compared to the rumen micro-
iome. 

Our cov ariate anal ysis r e v ealed that gut micr obial succession is
haped by a complex interplay of temporal, nutritional, and host-
pecific factors, with distinct drivers dominating different succes-
ional sta ges. Notabl y, sir e effect dominates in RS2, whic h may
mply that the assembly process of the peripartum rumen mi-
robiota is influenced by genetic factors. P ar allel patterns wer e
bserved in fecal microbiota, where CD and diet drove early suc-
ession (FS1), while sire effect predominated in later stages (FS3),
einforcing the temporal hierarchy of environmental versus host-
ntrinsic influences across gut niches . T he MaAsLin2 analysis fur-
her highlighted functional linkages between k e y taxa (e.g., Suc-
iniclasticum , Prevotella ) and critical par ameters suc h as CD and
H, suggesting these microbes may serve as biological integra-
ors of postpartum physiological changes and dietary adaptation.
mportantl y, the decoupled natur e of rumen and fecal micro-
ial ecosystems underscores their compartmentalized contribu-
ions to host metabolism. Despite minimal dir ect micr obial ex-
hange, both ecosystems exerted comparable influence on blood
etabolic profiles ( ∼20% variance) through distinct pathwa ys . Ru-
en microbial transformation types preferentially modulated en-

rgy mobilization markers (NEFA, GLU) and growth factors (IGF-
), aligning with its role as the primary nutrient-pr ocessing or gan.
onv ersel y, fecal micr obiota dynamics sho w ed stronger associa-

ions with lipid metabolism regulators (TG, BHBA) and INS signal-
ng, potentiall y r eflecting downstr eam metabolic bypr oduct pr o-
essing or gut barrier function interactions . T hese compartment-
pecific metabolic fingerprints emphasize the need for ecosystem-
ar geted interv entions during the tr ansition period. The sta ge-
pecific dominance of sir e-r elated effect across both gut sites
aises intriguing questions about heritable microbial transmis-
ion mechanisms and their potential for selective breeding strate-
ies. Pr e vious r esearc h on humans , pigs , sheep, and beef cattle
as demonstrated significant correlations between host SNPs and
heir gut microbiome [ 42–45 ], underscoring the potential of ge-
etic breeding for altering the gut microbiota composition of peri-
artum dairy cows to reduce the incidence of metabolic diseases.
o w e v er, the limited explanatory po w er of measured factors for
ertain k e y taxa suggests unaccounted v ariables, possibl y includ-
ng micr obial cr oss-talk or host epigenetic r egulation, warr anting
urther investigation. 

We further r e v ealed fundamental differ ences in the functional
rajectories and metabolic specialization of the peripartum ru-

en and fecal micr obiomes thr ough meta genomic and network
nalyses, emphasizing their compartmentalized yet coordinated
 oles in sha ping host metabolic ada ptation. The rumen micr o-
ial communities prioritize nutrient extraction and energy flux
e.g., pyruvate fermentation and glycolysis in RS1; the Bifidobac-
erium shunt in RS3), while the fecal microbiota specialize in
ubstr ate salv a ge and metabolic bypr oduct pr ocessing (e.g., sul-
ate reduction in FS1; D-galacturonate degradation in FS3). These
bserv ations ar e consistent with the anatomical and physiologi-
al roles of each gut compartment: the rumen r a pidl y ada pts to
ostpartum dietary shifts and lactation-driv en ener gy demands,
hile the feces fine-tunes downstream metabolic pathways to
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mana ge r esidual substr ates and systemic metabolic stress . T he 
stage-specific complexity of microbial networks further supports 
the dichotomy: simpler interactions in the stable phases of the fe- 
cal microbiota suggest a homeostatic “maintenance” state, while 
the dynamic succession stages of the rumen exhibit enriched 

pathways for polyamine and coenzyme A synthesis, likely re- 
flecting their roles in sustaining microbial turnover and redox 
balance during metabolic upheav al. Notabl y, k e y taxa such as 
Prevotella and Succiniclasticum in the rumen, and Bifidobacterium 

and Treponema in the feces, emerge as central network nodes,
acting as linchpins that connect microbial community structure 
with metabolic output. Their prominence in energy-yielding pro- 
cesses (gl ycol ysis, mixed-acid fermentation) and biosynthesis (nu- 
cleotides, amino acids) positions these taxa as critical regula- 
tors of host–microbe metabolic crosstalk. The mediation mod- 
els further demonstrate the potential mechanisms by which k e y 
micr obes r egulate host metabolic phenotypes . For instance , the 
glucose-related pathway in both the rumen and feces mediates 
the impact of k e y microbes on host metabolism, highlighting the 
crucial role of glucose supplementation in postpartum diets for 
maintaining dairy cow health. Pr e vious studies hav e linked Al- 
istipes to short-chain fatty acid (SCFA) production, including ac- 
etate and propionate, and its reduced abundance is associated 

with disease pr ogr ession, including non-alcoholic fatty liver dis- 
ease and non-alcoholic steatohepatitis, due to decreased SCFA 

le v els [ 46 , 47 ]. As is well known, postpartum dairy cows are sus- 
ceptible to fatty liver. T hus , Alistipes sp015059845 in the feces 
ma y pla y a vital role in maintaining liver and intestinal health in 

postpartum dairy cows. Additionally, the elevated abundance of 
UBA3839 sp900314125 associated with gl ycol ysis I and UBA2813 
sp902801985 associated with L-lysine biosynthesis I in the rumen 

mediated the reduction of serum NEFA levels, indicating complex 
interplay between microbial metabolism and host energy regula- 
tion in peripartum dairy cows. UBA3839 sp900314125 , through its 
association with gl ycol ysis I, may pr omote the pr oduction of pr o- 
pionate, a k e y precursor for gluconeogenesis [ 48 ]. Increased avail- 
ability of propionate enhances hepatic glucose synthesis, thereby 
raising blood glucose levels and subsequently boosting INS signal- 
ing. This cascade inhibits lipolysis in adipose tissue by suppressing 
hormone-sensitiv e lipase, ther eby r educing the r elease of NEFA 

into the bloodstream [ 49 ]. Meanwhile, UBA2813 sp902801985 as- 
sociated with L-lysine biosynthesis I may optimize nitrogen uti- 
lization and energy efficiency within the gut microbiota. As an 

essential amino acid, lysine not only supports protein synthesis 
but may also modulate host metabolic pathways such as AMPK 

or mTOR signaling to enhance glucose uptake and utilization, fur- 
ther r educing r eliance on fat mobilization [ 50 ]. Ov er all, we pr opose 
that modulating the fecal microbiota may be more beneficial in 

pr e v enting postpartum metabolic diseases in dairy cows because 
its transition period precedes the typical onset of such conditions.
These results enhance our understanding of the spatiotemporal 
coordination of gut microbial ecosystems during metabolic stress 
in peripartum dairy cows and provide a fr ame work for de v elop- 
ing tar geted mana gement str ategies to optimize cow health and 

productivity during critical transition periods. 
This study is the first to compr ehensiv el y pr ovide a dynamic 

perspective on the gut microbiome of peripartum dairy cows, en- 
hancing our understanding of the dynamic interactions between 

the gut microbiome and the host during the peripartum period.
Because this study only examined healthy cows, our next research 

objective is to compare the microbiomes of healthy and diseased 

cows to explore mechanisms related to postpartum metabolic dis- 
orders. Ad ditionally, this stud y lacks information on feed intak e,
hich is a critical factor influencing gut microbiome composition.
n futur e r esearc h, we plan to investigate the impact of feed in-
ake on the dynamic changes in the gut microbiome of peripar-
um dairy cows . Moreo ver, based on the patterns observed in this
tudy, further r esearc h is needed to v erify whether modifying the
uccession process of the gut microbiome by targeting the iden-
ified k e y microbes and pathways can effectiv el y r egulate host

etabolism in peripartum co ws, thereb y preventing postpartum 

etabolic disorders. 

aterials and Methods 

nimals, experimental design, and sample 

ollection 

his study was conducted at a commercial dairy farm in Shanxi
ro vince , China. T he dairy cows involved in the experiment were
anaged using a traditional feeding model. Two months before 

he expected calving date, the co ws w er e mov ed to a dry cow
arn and started on a high-fiber total mixed ration (TMR) (dry
eriod) diet. After calving, the cows wer e immediatel y separ ated
rom their calves to prevent further exposure of the dams to mi-
r obes fr om the calv es . T he co ws w er e then mov ed to a tr ansi-
ion barn where professional technicians immediately milked the 
olostrum and fed the animals a fresh cow diet (high-starch TMR).
 hree da ys after calving, the co ws w er e tr ansferr ed to a fr esh
arn until the end of the experiment. In the fresh barn, the cows
 ere allo w ed access to the same high-starch TMR and water ad

ibitum during the experiment. Details on TMR are provided in
upplementary Table S15 . Postpartum care was given in the tran-
ition barn within 1–2 da ys , which included feeding an oral bolus
Bo vikalc bolus , Boehringer Ingelheim, St Joseph, MO, USA) con-
aining CaCl 2 and CaSO 4 (43 g of calcium), measuring rectal tem-
er atur e (M900 Thermometer, GLA Agricultur al Electr onics, Inc.,
an Luis Obispo, CA, USA), and dr enc hing 300 ml liquid propylene
l ycol or all y using a dr enc h gun. 

The study included 211 healthy, m ultipar ous, pr egnant dairy
ows. During the experiment, an experienced veterinarian con- 
ucted health assessments, including e v aluations of body con-
ition, r ectal temper atur e, blood BHB concentr ation, and men-
al state. Supplementary Table S16 presents the health assess- 

ent criteria. After excluding cows with abnormal conditions and 

hose treated with medication during the experimental period to 
void interference with the generalizability of our results, 91 nor-
al peripartum cows were included (Fig. 1 ). The strict control

f normal cows allowed us to minimize interference from other
acr o factors, pr oviding a clearer view of the natural dynamic

hanges in the gut microbiome and k e y factors dri ving these
hanges. 

Rumen fluid, fecal, and blood samples were collected from 

hese cows 21 days before calving (expected calving date) and on
ays 1, 3, 7, 14, and 21 after calving (Fig. 1 ). The means and stan-
ard deviations (SDs) of the actual sampling day on day −21 were
ay −19.29 ± 4.70 (min–max, −31 to −6). Regardless of the ex-
ct hour of the calving day, samples of day 1 were collected on
he day following parturition. All samples were collected before 
he morning feeding on the designated sampling day. Rumen fluid
amples were collected using a special rumen tube (Anscitech 

nimal Husbandry Technology Co., Ltd., Wuhan, China) designed 

ased on the physiological structure of adult cows to ensure that
he tube r eac hed the v entr al aspect of the rumen. The exterior

etal of the rumen tube was polished to minimize damage to the
sophagus and rumen. Fecal samples were obtained from the 

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf042#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf042#supplementary-data
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ectum of cows by r esearc h personnel wearing sterile long-arm
lo ves . Blood samples were collected from the caudal veins of
ows in 10 ml vacuum blood collection tubes (Hua Xia Heng Yuan
echnolongy Co., Ltd, Beijing, China). Rumen fluid and fecal sam-
les wer e immediatel y tr ansferr ed to 2 ml cryogenic tubes and
tored in liquid nitrogen until subsequent bacterial diversity anal-
sis. Blood samples were centrifuged at 4,000 g and 4 ◦C for 15 min
o obtain the serum, which was then transferred to 2 ml cryogenic
ubes and stored in liquid nitrogen for subsequent analysis of en-
r gy metabolism, liv er function, and antioxidant indicators. 

erum parameter measurement 
LU, TG, aspartate aminotr ansfer ase (AST), and alanine amino-

r ansfer ase (ALT) concentr ations in dairy serum wer e determined
sing an automatic bioc hemistry anal yzer (GF-D200, Anal yti-
al Instrument Co. Ltd., Gaomi, China). INS le v els wer e quanti-
ed via r adioimm unoassays using a multitube counter (BFM-96;
hongc heng Tec hnology, Hefei, China). Dir ect field assessment of
HB le v els was performed in fr eshl y collected blood samples using
pecific portable test strips (No va Vet; No v a Biomedical Cor por a-
ion, Waltham, MA, USA). Serum concentrations of NEFA (catalog
o. A042-2-1), IGF-1 (catalog no. H041-1-2), total antioxidant ca-
acity (T-AOC; catalog no. A015-1-2), and haptoglobin (HP; catalog
o. H136) were quantified using commercial enzyme-linked im-
unosorbent assay (ELISA) kits (Nanjing Jiancheng Bioengineer-

ng Institute, Nanjing, China). Briefly, following the manufacturer’s
r otocol, serum samples wer e thor oughl y mixed with the r ea gents
rovided in the kit, incubated at 37 ◦C, and then analyzed using a
icr oplate r eader to measur e absorbance v alues, with tar get con-

entrations calculated based on the standard curve . T he RBHB in-
ex, calculated as 1/[log glucose (mg/dl) + log INS ( μU/ml) + log
EFA (mmol/l) + log BHB (mmol/l)], was used to e v aluate INS r e-

istance in dairy cows based on a pr e viousl y described method
 51 ]. 

icrobial DNA extraction 

otal genomic DN A w as extr acted fr om all samples using a
Neasy Po w erSoil Pr o Kit 47014 (Qia gen, Hilden, German y), ac-
ording to the manufacturer’s instructions, and stored at −20 ◦C
or subsequent analysis. DNA quantity and quality were assessed
sing a NanoDrop NC2000 spectrophotometer ( RRID:SCR _ 018042 ,
hermo Fisher Scientific, Waltham, MA, USA) and a gar ose gel elec-
r ophor esis, r espectiv el y. 

6S rRNA gene sequencing 

he 16S rRNA gene was amplified using universal
rimers (338F: 5 ′ -A CTCCTA CGGGA GGCA GCA-3 ′ ; 806R: 5 ′ -
GA CTA CHV GGGTWTCTAAT-3 ′ ) targeting the V3–V4 region,
ith 7 bp barcodes added for multiplex sequencing. Each PCR
ixture contained 5 μl buffer (5 ×), 0.25 μl Fast pfu DNA Poly-
erase (5 U/ μl), 2 μl (2.5 mM) dNTPs, 1 μl (10 μM) of each

orw ar d and r e v erse primer, 1 μl DNA template, and 14.75 μl
ouble-distilled H 2 O. Thermal cycling steps involved an initial
enaturation step at 98 ◦C for 5 min, follo w ed b y 25 cycles of
enaturation at 98 ◦C for 30 s, annealing at 53 ◦C for 30 s, and
xtension at 72 ◦C for 45 s, with a final extension at 72 ◦C for
 min. The PCR amplicons were purified using Vazyme VAHTSTM
NA Clean Beads (Vazyme, Nanjing, China) and quantified using

he Quant-iT PicoGreen dsDNA Assay Kit (Invitrogen, Carlsbad,
A, USA). After each quantification step, the amplicons were
ooled in equal amounts, and paired-end 2 × 250 bp sequencing
as performed using the Illumina NovaSeq platform with the
ov aSeq 6000 SP Rea gent Kit (500 cycles) at Shanghai Personal
iotechnology Co., Ltd (Shanghai, China). 

Data quality control and analyses were performed using the
IIME2 pipeline ( RRID:SCR _ 021258 ) with slight modifications ac-
ording to official tutorials [ 52 ]. Briefly, raw sequence data were
emultiplexed using the demux plugin, follo w ed b y primer cutting
sing the cutadapt plugin [ 53 ]. The sequences were then quality
ltered, denoised, merged, and chimeras were removed using the
 AD A2 plugin ( RRID:SCR _ 023519 ) [ 54 ]. Non-singleton ASVs were
ligned using mafft, and a phylogen y tr ee was constructed using
asttr ee2 [ 55 , 56 ]. ASVs wer e taxonomicall y classified using the
lassify-sklearn naive Bayes taxonomy classifier in the feature-
lassifier plugin against the SILVA Release 138.1 database [ 57 ]. 

etagenomic sequencing 

e conducted metagenomic analyses on samples r andoml y se-
ected from the ruminal and fecal collections at three succes-
ional stages (10 samples per stage, total N = 60). The extracted
otal DN A w as processed using the Illumina TruSeq Nano DN A
T Libr ary Pr epar ation Kit (Illumina, San Diego, CA, USA) to con-
truct metagenomic shotgun sequencing libraries with an insert
ength of a ppr oximatel y 400 bp. Each library was sequenced on
he Illumina NovaSeq X Plus platform ( RRID:SCR _ 024568 , Illu-

ina, San Diego, CA, USA) and Personal Biotechnology Co., Ltd
Shanghai, China) using the PE150 strategy. For metagenomic data
r ocessing, Cutada pt (v.1.2.1; RRID:SCR _ 011841 )was used to re-
ove sequencing adapters from the raw reads [ 58 ]. Low-quality

 eads wer e trimmed using a sliding window algorithm in fastp
v.0.23.2) [ 59 ]. Reads were aligned to the bovine genome using

inimap2 (v.2.24-f1122, RRID:SCR _ 018550 ) to remove host con-
amination [ 60 ]. Subsequently, Kaiju (v.1.9.0) was used to classify

eta genomic r eads a gainst the GTDB-deriv ed database (v.207) for
ach sample [ 61 ]. Reads assigned to Metazoa or Viridiplantae were
xcluded fr om downstr eam anal ysis. Megahit (v.1.1.2, RRID:SCR _
18551 ) was used with the “-k-list 33,55,77,99,127 -min-contig-len
00” to assemble reads in each sample [ 62 ]. Contigs generated
er e cluster ed using the “easy-linclust” mode of MMseqs2 (v.15,
RID:SCR _ 022962 ) with a sequence identity threshold of 0.95 and
 90% cov er a ge of the shorter contigs [ 63 ]. Genes wer e pr edicted
sing Prodigal (v.2.6.3, RRID:SCR _ 011936 ) [ 64 ]. The CDS sequences

rom all samples were clustered using the “easy-cluster” mode
f Mmseqs2, with a protein sequence identity threshold of 0.95
nd 90% cov er a ge of shorter sequences. Reads wer e then ma pped
o the predicted gene sequences using Minimap2, and feature-
ounts was used to calculate the number of reads aligned to each
ene [ 65 ]. Abundance was expressed in TPM (transcripts per mil-
ion). The functional annotation of non-redundant genes was per-
ormed using the “search” mode of Mmseqs2 against the Metacyc
atabase ( RRID:SCR _ 007778 ) [ 66 ]. 

ioinformatics and statistical analysis 

fter obtaining the ASV datasets of the rumen and fecal micro-
iome, they were processed using the “phyloseq” package in R
v.4.2.2), with a r ar efaction depth set to the minimum sample se-
uence quantity. The ASV datasets wer e independentl y subset-
ed for individual analysis of the rumen and fecal microbiome.
onv ersel y, for integr ated anal ysis of the rumen and fecal mi-
r obiome, combined ASV datasets wer e a ggr egated. The down-
tr eam anal ysis of 16S sequencing data mainl y includes: individ-
al v ariation, DMM, α-div ersity, β-div ersity, LEfSe, Mark ov c hain,
 andom for est, IC AMP, En vFit, MaAsLin2, Procrustes , and source
r ac king anal ysis. For examining the α-div ersity, ASV-le v el indices,

https://scicrunch.org/resolver/RRID:SCR_018042
https://scicrunch.org/resolver/RRID:SCR_021258
https://scicrunch.org/resolver/RRID:SCR_023519
https://scicrunch.org/resolver/RRID:SCR_024568
https://scicrunch.org/resolver/RRID:SCR_011841
https://scicrunch.org/resolver/RRID:SCR_018550
https://scicrunch.org/resolver/RRID:SCR_018551
https://scicrunch.org/resolver/RRID:SCR_022962
https://scicrunch.org/resolver/RRID:SCR_011936
https://scicrunch.org/resolver/RRID:SCR_007778
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including Chao1 richness and the Shannon diversity index, were 
calculated using the “v egan” pac ka ge in R [ 67 , 68 ]. β-Diversity 
was explored using Bray–Curtis dissimilarity metrics to under- 
stand the structural variations in microbial communities across 
samples using the “v egan” pac ka ge in R [ 69 ]. A DMM model was 
applied at the genus level to cluster samples based on the mi- 
cr obial comm unity structur e [ 14 , 70 ], with clusters determined 

according to the lowest Laplace approximation score [ 70 ]. This 
analysis was performed independently for rumen (RDMM) and 

fecal samples (FDMM). Linear discriminant analysis effect size 
(LEfSe, LDA > 4, P < 0.05) was used to identify the dominant 
taxa across the groups [ 71 ]. Transition dynamics between these 
states were analyzed via Markov chain models using the Markov 
c hain pac ka ges in R [ 72 ], follo wing the methodology b y Xiao et 
al . [ 15 ]. Models predicting microbial stages of the rumen and fe- 
cal microbiome were constructed using random forest algorithms 
with ASVs that sho w ed > 0.1% r elativ e abundance, using the “r an- 
domFor est” pac ka ge in R [ 73 ]. To reduce model overfitting, five 
10-fold cr oss-v alidations wer e conducted using 70% of samples 
for model building and 30% as the test set. The area under the 
r eceiv er oper ating c har acteristic curv e (AUC) was calculated us- 
ing R. ICAMP was performed using a galaxy-based pipeline to as- 
sess the r elativ e importance of deterministic and stoc hastic pr o- 
cesses in bacterial community assembly [ 74 ]. The observed taxa 
were first grouped into bins (“boxes”) based on their phylogenetic 
r elationships, with the minim um number of taxa per bin as the 
default setting (bin.size.limit = 24). Although the main function 

within icamp.big was used to calculate the within-bin β-nearest 
taxon index ( βNTI), the modified Raup–Crick metric (RC) was used 

to e v aluate the r elativ e importance of differ ent ecological pr o- 
cesses within each bin. For each bin, pairwise comparisons with 

βNRI < −1.96 are considered to be controlled by homogeneous 
selection, while those with βNRI > + 1.96 are controlled by het- 
er ogeneous selection. Next, other pr ocesses ar e categorized us- 
ing the phylogenetic diversity metric RC with | βNRI | ≤ 1.96. When 

RC < −0.95, it is considered as a process of homogeneous dis- 
persal, while RC > + 0.95 indicates a process of dispersal limita- 
tion. Cases with | βNRI | ≤ 1.96 and | RC | ≤ 0.95 r epr esent the in- 
fluence of processes such as drift. EnvFit analysis was conducted 

to examine the relationship between individual factors (eg., diet,
sire, birth weight, predelivery—actual days) and microbial succes- 
sion stages, using the “vegan” package in R. Correlational analyses 
of individual factors and genera, with a cow as a random effect 
and false discovery rate (FDR) adjustment using the Benjamini–
Hoc hber g method, wer e performed using micr obiome m ultiv ari- 
ate association with linear models (MaAsLin2) [ 75 ]. Due to data 
loss in the commercial dairy farm’s herd management system, the 
recor ds of tw o co ws w er e irr etrie v abl y lost. Consequentl y, we per-
formed corr elation anal yses using metadata fr om the r emaining 
89 cows. Procrustes analysis between the rumen and fecal ASVs 
was conducted using the “protest” function in the R package vegan 

[ 76 ]. To further determine the relationship between rumen and 

fecal micr obiomes, fecal micr obiome source tr ac king was con- 
ducted using the sourcetr ac ker2 plugin [ 77 ], which can assess the 
proportion of fecal microbiome originating from rumen micro- 
biome at the same timepoint and fecal microbiome at pr e vious 
timepoints. Residuals between rumen or fecal samples and blood 

indicators wer e gener ated using the “Pr ocrustes” function in the 
R pac ka ge v egan [ 17 ]. 

Species analysis of metagenomic sequencing data is based 

on read count data, while functional analysis is based on TPM 

datasets . T he downstream analyses mainly include: β-diversity 
of species and microbial functions, co-occurrence network anal- 
sis of species, network anal ysis, differ ential anal ysis, and medi-
tion anal ysis. β-Div ersity at the species le v el, including bacte-
ia, eukary otes, and ar chaea, w as assessed using Bray–Curtis dis-
imilarity. The co-occurrence networks were constructed based 

n SparCC correlation coefficients ( | R | > 0.6, P < 0.05) using the
op 500 most abundant genera [ 78 ]. Co-occurrence networks and
ode topology were evaluated to examine interspecies interac- 
ions and network centrality [ 79 ]. Functional β-diversity was as-
essed at the pathway le v el of the Metacyc database using Bray–
urtis dissimilarity. For differential analysis of species, taxa with 

 pr e v alence > 50% and r elativ e abundance > 0.1% wer e selected.
or differential analysis of pathwa ys , taxa with a prevalence > 50%
nd r elativ e abundance > 0.01% wer e selected. Mediation anal y-
is was used to determine whether the effects of species on host
etabolic indicators are mediated by microbial functions, using 

he “mediation” pac ka ge in R. 
β-Diversity was evaluated using PERMANOVA with 999 permu- 

ations and visualized using principal coordinate analysis (PCoA) 
 80 ]. Gen us di v ersity under differ ent RDMM or FDMM conditions
s r epr esented via heatma ps using the ComplexHeatma p pac ka ge
n R [ 81 ]. Sample distributions at each peripartum timepoint and
uccession patterns for RDMM or FDMM are depicted using pie
harts and Sank e y dia gr ams [ 82 ], r espectiv el y. The Mark ov c hain
odel was visualized using the igr a ph pac ka ges in R [ 72 ]. Intr ain-

ividual and interindividual compositional variabilities were cal- 
ulated according to the method described by Olsson et al. [ 83 ]. In-
raindividual compositional variability was defined as the median 

ray–Curtis dissimilarity calculated between samples from a cow 

i.e., 20 dissimilarity values were calculated for the 6 samples ob-
ained fr om eac h cow). Interindividual compositional v ariability
as defined as the median Bray–Curtis dissimilarity calculated for 
 samples from a cow against all other samples. Additional visual-
zations wer e cr eated using ggplot2 in R. All differ ential anal yses
ere performed using Kruskal–Wallis followed by Dunn’s post- 
oc tests using the “Kruskal.test” and “dunn.test” functions in R 

dunn.test pac ka ge). Statistical significance was set at P < 0.05. 

vailability of Source Code and 

equirements 

ot applicable. 

dditional Files 

ig. S1. Dynamics and diversity of rumen microbiota during the
eripartum period. (a) PCoA plot-based Bray–Curtis dissimilar- 

ty showing rumen micr obiota pr ofiles acr oss differ ent sampling
imepoints. (b) Dynamic changes in the α-diversity of rumen mi-
robiota at different periods during the perinatal period. (c) Plots
howing a comparison of the 5 bacterial phyla with the highest
 elativ e abundance in the rumens of perinatal cows. (d) Laplace
 ppr oximation scor es for ruminal DMM. (e) The top 20 taxa that
ontributed the most to the accuracy of the rumen DMM are
hown in order of importance. (f) Heatmap showing the r elativ e
bundance of the top 20 taxa (normalized in each taxon) in each
umen sample. 
ig. S2. Dynamics and diversity of fecal microbiota during the
eripartum period. (a) PCoA plot-based Bray–Curtis dissimilarity 
howing fecal microbiota profiles across different sampling time- 
oints. (b) Dynamic changes in the α-diversity of fecal micro-
iota at different timepoints during the perinatal period. (c) Plots
howing a comparison of the 5 bacterial phyla with the highest
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 elativ e abundance in the fecal microbiota of perinatal cows. (d)
a place a ppr oximation scor es for fecal DMM. (e) The top 20 taxa
hat contributed the most to the accuracy of the fecal DMM are
hown in order of importance. (f) Heatmap showing the r elativ e
bundance of the top 20 taxa (normalized in all taxa) in each fe-
al sample. 
ig. S3. Cr oss-v alidation of ASVs contributing to the random forest
odel. (a) Rumen. (b) F eces . ASV: Amplicon sequence variant. 

ig. S4. Relative importance of different ecological processes in
he microbiota composition of peripartum dairy cows. (a) Rumen.
b) F eces . 
able S1. Details of transformation of ruminal DMMs at different
imepoints. 
able S2. Details of transformation of fecal DMMs at different
imepoints. 
able S3. Details of ruminal bins in ICAMP assembly. 
able S4. Details of fecal bins in ICAMP assembly. 
able S5. The relationship between individual factors and key
enera driving succession in dairy cows investigated using
aAsLin2. 

able S6. Analysis of the contribution of rumen and fecal micro-
iota to blood metabolism. 
able S7. Node analysis of co-occurrence network in RS1 stage. 
able S8. Node analysis of co-occurrence network in RS2
tage. 
able S9. Node analysis of co-occurrence network in RS3 stage. 
able S10. Node analysis of co-occurrence network in FS1 stage. 
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