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Abstract

Background The center of sustainable development of grassland husbandry is the balance between forage
intake and growth characteristics of animals, and one of the keys to restricting the conversion efficiency of forage
intake is the digestibility of forage produced by rumen microorganisms. Thus, the interaction between grass intake
and rumen microbial fermentation is a key driver of both ruminant productivity and grassland ecosystem health.
However, interactions between grass species, supplementary feeding, rumen microbiome, and rumen epithelium
function, remain poorly understood.

Results We employed metagenomic and metatranscriptomic analyses, coupled with single-cell RNA sequencing
(scRNA-seq) of rumen wall and serum metabolomics, to investigate how the rumen microbiome regulates grass
intake and host metabolism. In a two-factor (grazing intensity and concentrate supplementation) experiment with 72
lambs, supplementary feeding under moderate grazing increased dry matter intake but decreased grass consump-
tion of Artemisia tanacetifolia. These shifts correlated with contrasting trends between metagenomic and metatran-
scriptomic profiles of Lachnospiraceae. scRNA-seq revealed an increased abundance of basal cells (BCs), terminally
differentiated keratinocytes (TDKs), and differentiated keratinocytes (DKs) in the supplemented group, with solute car-
rier genes (e.g., SLC16AT) involved in short chain fatty acids (SCFAs) transport enriched in basal cells. We also identified
interactions between the rumen microbiome and host epithelial cells, influencing gene expression and localization,
which in turn mediated the animal serum nutrient metabolism, particularly in B vitamin, bile acids, and amino acids.

Conclusions Our study identified key microbiome and epithelial cell subtypes involved in grass digestion and SCFAs
metabolism in the rumen. This novel link between ruminal microbial function, epithelial cell cluster-based genes,

and host metabolism provides critical insights into mechanisms underlying the interaction between grass intake

and supplementary feeding for optimizing ruminant management strategies in sustainable grazing systems.
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Background

China’s vast grassland area, comprising approximately
12% of the global total, ranks among the largest in the
world. The Mongolian Plateau grassland ecosystem
is particularly noteworthy, with the Inner Mongolia
Autonomous Region alone containing nearly one-third
of China’s grasslands [1]. However, the ongoing degrada-
tion of these natural ecosystems has led to the increasing
adoption of a “grazing plus supplementation” ruminants
feeding strategy for the sustainable development of these
pastoral areas. This approach, which combines graz-
ing with supplementary feeding, has been shown to
enhance both pasture productivity and sheep produc-
tion by altering foraging behavior [2, 3]. Moreover, this
combined feeding strategy positively exhibited a higher
loin eye area, crude protein content, and fatty acid profile
in sheep compared to indoor feeding [4], largely due to
the differences in rumen microbial structure and func-
tion resulting from grazing and fresh forage intake, which
ultimately influenced the production and absorption of
rumen microbial metabolites [5-7].

The rumen microbiome is fundamental to the diges-
tion process in ruminants, playing a vital role in
breaking down grass fiber. This complex microbial com-
munity includes bacteria, protozoa, fungi, and archaea
and within the host they exist in varying abundance and
diversity. Many microorganisms, in particular fibrolytic
bacteria, convert complex plant polysaccharides into
short chain fatty acids (SCFAs), microbial proteins, and
vitamins, which are then absorbed through the rumen
epithelium and ultimately act on the host’s metabolism
[8, 9]. By integrating metagenomics and metatranscrip-
tomics, researchers can perform a comprehensive anal-
ysis of gene abundance differences between microbial
DNA and RNA, offering deeper insights into the func-
tional roles of these microbes [10, 11]. Moreover, the
interaction between the host and its microbiome can
impact the host’s health and behavior [12]. The ruminal
epithelium is crucial in this dynamic, serving as the pri-
mary site for nutrient absorption and interaction with
the microbial community. SCFAs, the main products of
microbial fermentation, are absorbed through the kerati-
nized stratified squamous epithelium of the rumen,
which can meet up to 70% of the host’s daily energy
requirements [13]. This epithelium is composed of four
distinct cell layers: basal, stratum spinosum, granular, and
corium, each with specific functions. Notably, the basal
and stratum spinosum cells play a key role in the uptake
and metabolism of SCFAs [14, 15]. Each rumen cell layer
may have distinct functions and gene expression patterns
to optimize the absorption of ruminal metabolites [16].
Single-cell RNA sequencing (scRNA-seq) technology
allows for the detailed analysis of tissue heterogeneity,
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enabling the identification of cell identity, fate, and func-
tion. This technology has been applied to enhance our
understanding of animal nutrition, health, genetics, and
disease models in livestock [17, 18]. The metabolites pro-
duced by rumen microbes are absorbed by epithelial cells
and enter the bloodstream, supplying nutrients through-
out the body and promoting growth and development in
the animal [19].

It is well-established that diet and nutrition influence
the rumen microbiome, impacting rumen function,
metabolism, and overall health [20]. However, the very
complex ingestive behavior of grazing animals deter-
mines nutrient supply and significantly impacts their per-
formance and feed efficiency, as their short-term forage
intake is influenced by both the structure of the forage
and the effect of ingested forage on gut fill, which is regu-
lated by the hunger-satiety complex [21]. We hypoth-
esize that the rumen microbiome of lambs mediates their
grazing behavior and nutritional metabolism, ultimately
influencing host performance and grassland ecological
conservation. We used a multiomics approach including
rumen metagenomics, metatranscriptomics, metabo-
lomics (both rumen fluid and blood), and single-cell
RNA sequencing to explore the mechanisms of symbiotic
relationships of grass-rumen microbe-host interactions
under grazing plus supplemental feeding systems.

Results

Grazing intensity and supplemental feeding level on lamb
performance and feed intake

No significant interaction was observed between grazing
intensity and supplemental feeding level on lamb perfor-
mance and feed intake; however, both factors indepen-
dently influenced production performance (Table 1) and
feed intake (Table 2).

Moderate grazing (MG) significantly increased live
weight before slaughter (P=0.035), carcass weight
(P=0.008), and average daily gain (ADG) (P=0.008) in
lambs compared to heavy grazing (HG). Similarly, high
supplementation (HS) significantly improved live weight
before slaughter (P<0.001), carcass weight (P<0.001),
and ADG (P=0.001) compared to low supplementation
(LS) and no supplementation (Table 1). In terms of die-
tary intake, MG significantly enhanced dry matter intake
(DMI) (P=0.003), forage intake (P=0.001), total organic
matter intake (P=0.003), digestible crude protein intake
(P=0.026), neutral detergent fiber intake (P=0.001), and
acid detergent fiber intake (P=0.002) compared to HG.
HS further improved DMI (P<0.001), total organic mat-
ter intake (P<0.001), and digestible crude protein intake
(P < 0.001) compared to LS and no supplementation.
LS also showed improvements in the above parameters
compared to no supplementation (P<0.001). Notably,
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HS significantly reduced forage intake compared to LS
and no supplementation, while LS reduced forage intake
compared to no supplementation (P=0.020) (Table 2).
Based on these results, the MGHS (Moderate Graz-
ing+High Supplementation) and MGNS (Moderate
Grazing +No Supplementation) groups were selected for
further analysis.

Grazing with supplementary feeding on grass intake

and rumen fermentation characteristics

Moderate grazing with high supplementation (MGHS)
increased total feed intake (adjusted P=0.009) while
reducing forage dry matter intake (adjusted P=0.019)
and the consumption of dominant forage species
(Fig. 1A). MGHS reduced the proportion of Artemisia
tanacetifolia in the diet (adjusted P=0.012) (Fig. 1B)
and decreased the absolute intake of most grass species
(Fig. 1C), none reached significant differences. MGHS
increased average daily gain (ADG; adjusted P=0.004),
pre-slaughter live weight (adjusted P<0.001), slaughter
rate (adjusted P<0.001), and carcass weight (adjusted
P<0.001) (Table S1). The MGHS group exhibited a sig-
nificant increase in total SCFA concentrations (adjusted
P=0.003; Fig. 1D), while no significant differences were
observed in the relative proportions of individual SCFAs
(Table S2), rumen fluid pH, acetate-to-propionate ratio,
or ammonia nitrogen concentration (Fig. 1D).

Rumen fluid metabolome in a grass-fed diet,

with or without supplement lambs

The OPLS-DA model revealed clear differences between
the two groups (Fig. 2A, Q<0.05), with 597 upregu-
lated and 35 downregulated metabolites in the MGHS
group compared to MGNS. For instance, antioxidants
such as 2,6-cyclolycopene-1,5-diol and astaxanthin were
significantly increased in MGHS (Table S3, Q<0.05).
Receiver operating characteristic (ROC) analysis high-
lighted the top ten up- and downregulated metabolites,
visualized via heatmaps. Notably, metabolites such as
(35,3'R,5R,6R)—7",8"-Didehydro-3,6-epoxy-5,6-dihydro-
beta, beta-carotene-3’,5-diol, Lutein 5,6-epoxide, and
arthrobactin were increased in MGHS in comparison to
MGNS, while 1,2-dioleoyl-sn-glycero-3-phosphate and
tetracosanoic acid were increased in MGNS in com-
parison to MGHS (Table S4, S5, Q<0.05). Key pathways
enriched for these metabolites included riboflavin and
nicotinate/nicotinamide metabolism (Fig. 2B, P<0.05),
with riboflavin, flavin adenine dinucleotide (FAD), flavin
mononucleotide (FMN), nicotinate, nicotinamide, and
pantothenic acid significantly increased in MGHS com-
pared to MGNS (P<0.05, Table S6).
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Rumen microbiome metagenome in a grass-fed diet,
with or without supplement lambs
All rumen metagenome sequencing samples yielded
941,372,608 raw reads, with 927,528,928 reads retained
after quality control. On average, each sample had
78,447,717 + 7,854,648 raw reads, of which 77,294,077 + 7,
742,824 reads were retained post-quality control (Table
S7). Moderate grazing with supplementary feeding
significantly altered rumen microbial composition,
though o-diversity was unaffected (Fig. S1A). No sig-
nificant differences were found between the MGNS and
MGHS groups for species richness, as indicated by the
Chaol and Observed species indices; diversity, as indi-
cated by the Shannon and Simpson indices; evenness,
as indicated by Pielou’s evenness index; and coverage,
as indicated by Good’s coverage index (Fig. S1A). Prin-
cipal coordinate analysis (PCoA) revealed distinct clus-
tering between MGHS and MGNS groups (Adonis test,
R?=0.179, P=0.003) (Fig. 2C). Among dominant phyla,
Actinobacteriota and Firmicutes were more abundant
in MGHS, while Spirochaetota, Methanobacteriota,
and Verrucomicrobiota were less prevalent (Table S8).
Actinobacteriota (P=0.002), Firmicutes (P=0.004),
were more significantly abundant in MGHS compared
to MGNS, while Verrucomicrobiota (P=0.025) and
Chloroflexota (P=0.015) were lower in MGHS in com-
parison to MGNS. At the family level, Lachnospiraceae
(P=0.048) and Muribaculaceae (P=0.046) were signifi-
cantly more abundant in MGHS compared to MGNS,
while UBA932 (P=0.004), Oscillospiraceae (P=0.012)
and CAG-74 (P=0.003) were lower in MGHS in com-
parison to MGNS (Fig. S1B). Genera analysis showed
significant enrichment of Sodaliphilus (P=0.046) and
CAG-791 (P=0.024) in MGHS, while Cryptobacteroides
(P=0.043) and Limimorpha (P<0.001) were significantly
increased in MGNS compared to MGHS (Table S9).
Differential analysis revealed Prevotella sp900315525
(P=0.015) and Kandleria vitulina (P=0.026) were sig-
nificantly increased in MGHS in comparison to MGNS,
while Prevotella sp002449845 (P=0.004) dominated in
MGNS in comparison to MGHS (Fig. 2E, F).
Carbohydrate-active enzyme (CAZyme) analysis showed
that the MGNS group exhibited significantly higher num-
bers of CBM (P=0.004) and PL (P=0.026) modules com-
pared to the MGHS group (Fig. 2G). The distribution
of these CAZymes varied across different genera, with
Prevotella and Cryptobacteroides showing the highest
proportions. Notably, Prevotella had significantly higher
numbers of carbohydrate binding modules (CBM) and
polysaccharide lyases (PL) modules in the MGHS group,
whereas Cryptobacteroides exhibited higher CBM and PL
numbers in the MGNS group (Fig. S2A and B). The top
twenty CAZymes revealed six with significant differences
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Fig. 1 Grass intake and rumen fermentation characteristics. A Differences in dry matter intake (DMI), forage intake, total organic matter,
and digestible crude protein between MGHS and MGNS lambs. B Different forages account for total forage intake. C Intake of different forages. D

Differences in rumen fermentation

between the two groups: glycosyl transferases 0 (GTO),
glycoside hydrolases 0 (GHO), GH25, GH1, GT4, and GT2
(Fig. 2H). Except for GHO, all were more abundant in the
MGHS group. The GH25 family includes lysozymes that
disrupt p—1,4 glycosidic bonds in cell walls, GH1 is critical
for carbohydrate degradation, GT4 participates in sucrose
synthesis, and GT2 is involved in cellulose synthesis. The
top 50 KOs were selected for differential functional anal-
ysis (Fig. 2I). In the MGHS group, KOs related to starch
and sucrose metabolism (sucrose-6-phosphatase, K07024;
P=0.002) were significantly increased in comparison to
MGNS. In contrast, the MGNS group exhibited significant
higher abundance of KOs associated with carbohydrate
metabolism (pyruvate-ferredoxin/flavodoxin oxidoreduc-
tase, K03737; P=0.015), long-chain acyl-CoA synthetase

(simple sugar transport system permease protein, K02057;
P=0.041), ABC transporters (putative aldouronate trans-
port system substrate-binding protein, K17318; P=0.009),
and fatty acid metabolism (long-chain acyl-CoA syn-
thetase, K01897; P=0.041) compared to MGHS.

Rumen microbiome metatranscriptome in a grass-fed diet,
with or without supplement lambs

Rumen metatranscriptome sequencing produced 88,545,
103 + 6,554,982 reads per sample, with 87,294,937 + 6,
472,683 retained after quality control (Table S10). Analy-
sis of the top 20 genera revealed significant differences
between the MGHS and MGNS groups. UBA2862
(P=0.019), Limivicinus (P=0.004), and Fretibacterium
(P=0.033) were significantly more abundant in the
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MGHS group, while Ruminococcus (P=0.033), Fibro-
bacter (P=0.047), and Methanobrevibacter A (P=0.038)
were more prevalent in MGNS (Fig. 3A). No signifi-
cant difference was observed in Cryptobacteroides
between the groups. At the species level, Fretibacte-
rium sp017450825 (P=0.020), Anaeromyces robustus
(P=0.019), and Limivicinus sp 902,798,545 (P=0.002)

were significantly increased in MGHS compared to
MGNS (Fig. 3B). LEfSe analysis confirmed the differ-
ences of these microbes (Fig. 3C). Among the top 50
KEGG orthologs (KOs), the abundance of large subunit
ribosomal protein L19 (K02884) (P=0.009) and flagel-
lin (K02406) (P=0.015) significantly increased in MGNS
in comparison to MGHS, while acyl carrier protein
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(K02078) (P=0.026), involved in antibiotic and second-
ary metabolite biosynthesis, significantly increased in
MGHS in comparison to MGNS (Fig. 3D).

We conducted single-cell analysis of rumen epithe-
lium from two treatment groups, dissociating tissues and
isolating live single cells for genomic profiling (Fig. 4A).
A total of 7131 single cells were sequenced, yielding an
average of 1921 genes per cell. After quality control, 6573
cells were retained, with a median of 1889 genes per cell.
Using t-Distributed Stochastic Neighbor Embedding
(tSNE), we identified 13 distinct cell clusters, showing
significant overlap between the two groups (Fig. 4B, C).
Clusters 1 and 4 were basal cells (BCs) expressing mark-
ers KRT15, KRT5, HSD17B2, and COL17A1. Clusters 2
and 3 expressed differentiated keratinocyte (DK) markers
DSC1, DSGI, and SPINKS, while cluster 10 represented
terminally differentiated keratinocytes (TDKs) express-
ing S100A8, KRT17, KRT36, and SFN. Clusters 21 and
18 were mast cells, clusters 0, 17, and 20 were T cells,
and clusters 9, 11, and 14 were macrophages. Cluster 6,
expressing GNLY, CTSW, KLRK1, CCL5, and NKG?7,
was identified as natural killer cells (Fig. 4D). Notably,
genes involved in SCFAs transport, including SLC16A1,
SLC4A9, SLC26A2, SLC22A23, SLC26A3, and SLC22AS5,
were increased in MGHS compared to MGNS diet.
SLCI16A1, SLC4A9, and SLC26A2 were mainly found in
BCs, with SLC4A9 encoding a key SCFAs transporter,
while SLC22A23, SLC26A3, and SLC22AS5 were detected
in DKs (Fig. 4D).

MGHS compared to MGNS diet treatment increased
the proportion of epithelial cells (BCs up by 2.53%,
DKs by 7.11%, TDKs by 1.95%) and decreased immune
cells (T cells down by 8.83%, macrophages by 2.79%)
(Fig. 4E). There were more upregulated genes in rumen
epithelium cells in the MGHS-fed lambs (Fig. 4F), with
1109, 1025, and 666 genes upregulated in BCs, DKs, and
TDKs, respectively (Fig. 4G). KEGG analysis showed
BCs were enriched in pathways related to oxidative
phosphorylation, branched-chain amino acid degrada-
tion, and fatty acid metabolism (Fig. 4H). DKs were also
linked to oxidative phosphorylation (Fig. S3A), while
TDKs were involved in terpenoid backbone biosynthe-
sis, Th1/Th2 cell differentiation, and thyroid hormone
signaling (Fig. S3B).

(See figure on next page.)
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Serum metabolomics in a grass-fed diet, with or without
supplement lambs
Non-targeted metabolomics analysis revealed significant
metabolic differences between the MGHS and MGNS
groups, as indicated by the OPLS-DA model (Fig. 5A).
The differentially annotated metabolites were classified
into 21 categories, with lipids (22.4%), organoheterocyclic
compounds (18.1%), and benzenoids (11.7%) being the
most abundant (Fig. S4; Q<0.05). A total of 693 metabo-
lites were significantly upregulated and 38 downregu-
lated in MGHS compared to MGNS (Fig. 5B; Table S11;
Q<0.05). ROC analysis identified key metabolites dis-
tinguishing the groups, with 4-acetamidophenol sulfate,
dhurrin, and benzoic acid enriched in MGHS, while phy-
tanic acid, chlorpropamide, and pantothenic acid were
elevated in MGNS (Fig. 5C; Table S12—13; Q<0.05).
Pathway analysis highlighted significant differences
in pantothenate and CoA biosynthesis (P=0.040) and
phenylalanine, tyrosine, and tryptophan biosynthesis
(P=0.040). Pantothenic acid was increased in MGNS
compared to MGHS, whereas L-valine, alpha-ketois-
ovaleric acid, L-phenylalanine, and L-tyrosine were ele-
vated in MGHS compared to MGNS (Fig. 5D; Table S14,
P<0.05). Additionally, 19 bile acids, including allocholic
acid (Q<0.05), ursocholic acid (Q<0.05), and alpha-
muricholic acid (Q<0.05), glycocholic acid (Q<0.05),
glycochenodeoxycholic acid (Q<0.05), chenodeoxycholic
acid (P<0.05), hyocholic acid (Q<0.05), were signifi-
cantly increased in the MGHS group (Fig. 5E; Table S14).

Discussion

This study highlights the rumen microbiome-epithelium
crosstalk mechanism underlying the impact of supple-
mentary feeding on grass intake in lambs under graz-
ing conditions (Fig. 6). Supplementation led to notable
changes in grass intake and host metabolism, as evi-
denced by variations in forage intake and blood metabo-
lome profiles, which was also likely associated with the
alterations in the rumen microbiome. These changes were
identified using integrative metagenomics, meta-tran-
scriptomics, and single-cell transcriptomics. Concentrate
supplementary feeding resulted in a marked increase in
dry matter intake, total organic matter intake, and digest-
ible crude protein intake, while simultaneously reducing

Fig. 4 Single-cell map of the rumen epithelial tissue in lambs. A Process flow diagram of the single-cell sequencing strategy employed in this study.
B and C t-SNE map of rumen epithelial single cells showing the 13 cell types of rumen epithelial tissue cells. Cells are colored by cell type. t-SNE
map of rumen epithelial single cells between MGHS and MGNS lambs. D Dot plot visualization of each cell type in the rumen epithelial single-cell
map. Dot size represents the percentage of cells within a cell type, and the color refers to the expression level. E Annogram of 13 clusters identified
from rumen epithelial tissue in MGHS and MGNS groups by tSNE analysis. F t-SNE maps of up-regulated genes. G Differences in the number

of up-regulated genes in epithelial cells between the MGHS and MGNS groups. H KEGG enrichment analysis of the primary function in the BCs

cluster
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grass intake. This is consistent with previous research
indicating that appropriate levels of concentrate supple-
mentation enhance dietary nutrient intake [22]. Similarly,
concentrate supplementation reduced forage intake but

increased total feed intake and dry matter digestibility,
as observed in dairy cows [23] and lambs fed low-protein
hay [24]. Despite enhanced nutrient intake, reduced for-
age consumption likely resulted from accelerated rumen
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ss by which high expression of the rumen microbiome involved

in microorganism and CAZyme genes intervened by concentrate and grass leads to carbohydrate degradation into TCA cycle, urea cycle,
propionate metabolism, and pantothenate biosynthesis in the rumen. This promotes a shift in rumen epithelial cells specific cell types

and the target cell-related SCFAs transport function, and then interacted
and bile acid pool. Candidate microbes, metabolites, and host genes are
by Figdraw (ID: AARPO93483)

passage of nutrient-dense feeds, which limited rumen fill-
ing and triggered early satiety via vagus nerve signaling
[25, 26]. The reduction in grass intake indicated that con-
centrate has improved nutrient profile in comparison to
forages in general.

The study also observed that the ingestive proportion
of Artemisia tanacetifolia was reduced after concentrate
supplementation. Artemisia species have been reported
as indicators of grassland degradation [27], which dem-
onstrates that supplementary feeding under the current
grazing conditions could alter the lambs’ dietary prefer-
ences for grass. It further suggests that supplementary
feeding may reduce the abundance of Artemisia tanaceti-
folia in grasslands while promoting the growth of more
nutritious forage species, thereby potentially mitigating
grassland desertification [28].

with host serum B vitamin metabolism, amino acids metabolism,
highlighted by arrows and ovals of different colors. This figure was drawn

This rise in SCFAs, particularly propionic acid, indi-
cates enhanced microbial activity and energy availability
for the host, potentially improving overall productivity
and health [29]. The study also found that rumen fluid
B vitamins were changed by different grazing pattern,
with increased the synthesis of riboflavin, nicotinamide,
and nicotinic acid, under the concentrate intervention.
Pantothenic acid is crucial for metabolism as it is a key
component of coenzyme A and acyl-carrier protein
[30]. We also found the decreased serum pantothenic
acid under the concentrate intervention. Thus, the con-
centrate supplementation might have adverse effects on
grazing lamb production. It was reported that increasing
dietary nonfiber carbohydrate content increased ruminal
apparent synthesis of nicotinic acid, nicotinamide, nia-
cin, pyridoxal, B, and folic acid [31], which was similar
to the current study showing that the increase abundance
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of ruminal FAD, flavin mononucleotide, riboflavin, niaci-
namide, and nicotinate. The enhanced niacin and nico-
tinic acid metabolism could achieve anti-inflammatory
effects [32], and the disruption of niacin and nicotina-
mide metabolism could lead to a series of adverse reac-
tions caused by inflammation and oxidative stress [33].
Additionally, the astaxanthin and 2, 6-cyclolycopene-1,
5-diol in the rumen fluid were also increased by concen-
trate supplementation. The astaxanthin has beneficial
antioxidative function in animal nutrition [34], but 2,
6-cyclolycopene-1, 5-diol is a marker of oxidative stress
[35]. These results suggest that concentrate supplementa-
tion altered B vitamin metabolism and influenced rumen
inflammation and oxidative status in a pasture feed-
ing system. However, it remains unclear whether these
effects are entirely beneficial or harmful.

Supplementary feeding reshaped both microbial
composition and functional dynamics. Specifically, it
enriched Lachnospiraceae, CAG-791 and Sodaliphi-
lus but suppressed Cryptobacteroides and Limimorpha.
Metatranscriptomic profiling further indicated enhanced
activity of fibrolytic taxa (e.g., Limivicinus) [36] and
reduced expression of cellulose-degrading genes in
Ruminococcus [37] and Fibrobacter [38]. The Lachno-
spiraceae family, belonging to the phylum Firmicutes, is
one of the most diverse and abundant bacterial families
in the rumen microbiome [39]. The Lachnospiraceae
families are prominent plant degraders contributing
to gut health [40]. This is consistent with findings in
pasture-fed cattle, where acetogens from these families
and hydrogen-responsive Bacteroidetes are prevalent
[41]. Additionally, comparisons between cultures with
and without hydrogen revealed novel strains of Lachno-
spiraceae that declined in the absence of hydrogen, rein-
forcing their role as dominant acetogens in the rumen
[41]. Studies have suggested that Lachnospiraceae tend
to be more prevalent in cattle with low feed efficiency
[41]. CAG-791 shows potential for enhancing SCFAs
production and promoting host health [42]. Cryptobac-
teroides, another important genus in the rumen microbi-
ome, is known for degrading plant materials to produce
SCFAs, which are crucial for ruminant energy [43, 44].
Cryptobacteroides also aids in immunomodulation,
maintaining gut health [43, 44]. This genus, along with
Prevotella, was prevalent in the rumen microbiome and
influenced by diet and monensin, with implications for
carcass traits in beef cattle, particularly carcass weight
[36, 45, 46]. Interestingly, under supplementary feeding,
certain bacterial taxa, including Lachnospiraceae, CAG
_791, and unclassified_Porcincola, exhibited significantly
higher abundance in metagenomic analysis but showed
the opposite trend in metatranscriptomic analysis
(Table S15). Porcincola, a strictly anaerobic genus within
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Lachnospiraceae, plays a significant role in the rumen
ecosystem [47]. The contrasting trends observed between
metagenomic and metatranscriptomic analyses for cer-
tain rumen microbes may be attributed to the dynamic
changes in the rumen environment under grazing plus
supplementation system [48]. These shifts in microbial
population dynamics could have long-term implications
for rumen health and function [49], influencing not only
digestion but also the overall metabolic health of the
lamb.

For the rumen microbial function analysis, differential
abundance of carbohydrate-active enzymes (CAZymes)
and key enzymes underscores their importance for the
deconstruction of plant biomass. These enzymes, includ-
ing glycoside hydrolases (GHs), carbohydrate esterases
(CEs), polysaccharide lyases (PLs), glycosyltransferases
(GTs), and auxiliary activities (AA) enzymes, along with
carbohydrate-binding modules (CBMs), are crucial for
carbohydrate-binding activity [50]. Metagenomics analy-
sis revealed differential CAZymes, including GT0, GH25,
GH1, GT4, and GT2, contributing to the degradation
of easily fermentable carbohydrates in the rumen, all of
them except for GTO were enriched with higher value
after the supplementary feeding. The GT4 and GT2 fami-
lies are related to sucrose and cellulose synthesis, respec-
tively [51]. The GH25 family lysozymes break down cell
wall insoluble mucopolysaccharides into soluble glyco-
peptides [52]. The enriched presence of certain CAZymes
and key enzymes in the MGHS group points to their
role in carbohydrate degradation and microbial adapta-
tion to diet changes [53]. In contrast, enzymes involved
in fiber or cellulose degradation such as GH127 respon-
sible for the depolymerization of hemicellulose [54]
were more prominent in the only pasture grazing group
(MGNS group). Metatranscriptomic analysis revealed
enrichment of CAZymes such as GH16, GH42, and PL9
in the MGHS group. GH16 is a plant cell wall-degrading
enzyme, GH42 and PL9 are involved in pectin degrada-
tion [55], indicating the complex changed carbohydrate
degradation altered by changed grass intake and concen-
trate supplementation.

The scRNA-seq analysis of rumen tissues from two
treatment groups (MGNS and MGHS groups) of lambs
provides valuable insights into the cellular diversity and
molecular mechanisms underlying rumen epithelial
development and keratinization. Our study highlights the
complexity of cellular identities within the rumen epi-
thelium, which plays a crucial role in the absorption of
SCFAs, meeting 70—-80% of the body’s energy needs. The
rumen epithelium, consisting of four distinct cell layers,
presents challenges in understanding nutrient absorption
mechanisms. Previous studies using scRNA-seq identi-
fied the significance of spiny cells in SCFAs absorption
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and revealed 18 distinct rumen epithelial cell types with
specific metabolic functions [56, 57]. Among these, a
subtype known as the channel-gap-like spinous cell,
regulated by IL-17, was found to be the most efficient in
absorbing SCFAs in dairy cows [57]. The identification
of specific cell clusters with unique gene expression pro-
files indicates that the rumen epithelium is composed of
a heterogeneous population of cells. This heterogeneity is
consistent with findings in other epithelial tissues, where
cellular diversity is essential for maintaining homeosta-
sis and adaptation in the rumen epithelium [56, 58]. The
considerable overlap in cellular composition observed
between the treatment groups suggests that, despite
distinct regulatory mechanisms, the fundamental cellu-
lar makeup of the rumen epithelium remains relatively
stable across different conditions. The identification of
keratinocyte-like cells within these clusters underscores
their importance in maintaining epithelial integrity [59].
In terms of SCFAs absorption, our scRNA-seq data high-
light the preferential expression of the SLC gene family
in the rumen epithelium. Notably, SLC4A9 is identified
as a likely antiporter [60], while SLC16A 1, which encodes
a basolateral membrane SCFAs/bicarbonate antiporter
[60]. The highest expression of SLCI6A1 shows it is also
likely involved in the transport of ketone bodies into the
bloodstream at the basolateral surface of the rumen epi-
thelium [61]. Although previous studies reported gener-
ally low expression of the SLC21A and SLC22A families
in the rumen [60], our findings indicate higher expression
of these genes, particularly in the DKs with concentrate
supplementation, which enhanced their expression. The
increased expression of SLC16A1, SLC4A9, SLC26A2,
and SLC26A3 genes, all of which encode apical anion
exchangers [60], confirms their role in acetate uptake.
The integrative effects of different dietary components
result in changes to both the chemical environment of
rumen SCFAs and the physical abrasiveness of the diet
[62, 63]. Thus, our scRNA-seq data provide a valuable
framework for understanding the cellular dynamics of
rumen epithelial development in response to grass intake
and supplementary feeding.

In this study, we observed an enrichment in the bio-
synthesis pathways of phenylalanine, tyrosine, and tryp-
tophan, along with increased serum concentrations of
L-phenylalanine and L-tyrosine under high supplemen-
tary feeding. These findings are consistent with previ-
ous studies in beef steers fed a high-corn diet and in the
rumen fluid of dairy cows fed a high-concentrate diet [64,
65]. Phenylalanine and tyrosine are precursors to impor-
tant neurotransmitters and metabolic intermediates. Spe-
cifically, tyramine, a decarboxylation product of tyrosine,
serves as the biological precursor of octopamine, which
functions as a neurotransmitter in invertebrates [66].
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Interestingly, low levels of tyramine have been linked to
a pro-inflammatory state associated with metabolic syn-
drome [67]. This underscores the broader relevance of
amino acid metabolism in systemic health. We also noted
changes in the peripheral plasma levels of homovanillic
acid, a metabolite of dopamine, which is often used as an
indicator of central nervous system dopaminergic activity
[68]. The metabolism of fatty acids was further empha-
sized by the observation that the content of phytanic
acid in milk was positively correlated with dietary phytol
intake [69]. Phytanic acid is derived from phytol through
enzymatic activity by rumen bacteria [70], illustrating the
complex interactions between diet, microbiota, and host
metabolism.

The observed changed serum bile acid metabolism in
response to supplementary feeding aligns with our pre-
vious research in sheep, which identified altered bile
acid metabolism-related pathways in the liver under
a high-concentrate diet [71]. Specifically, our findings
showed increased serum concentrations of 19 bile acids
by concentrate supplementary feeding, like previous
studies in dairy cows [72]. While this study provides val-
uable insights into the effects of concentrate supplemen-
tation on the rumen microbiome, forage intake, and host
metabolism, it also highlights the dynamic and transient
nature of microbial responses to dietary changes. Fur-
ther research is needed to fully understand the long-term
implications of these changes and the potential interac-
tions between the rumen microbiome, feed intake, and
host physiological responses. Addressing these aspects
will be crucial for developing sustainable and effective
nutritional strategies in grazing ruminant production
systems.

Conclusion

This study demonstrates that supplementary feeding
profoundly reshapes the grazing lamb eating habits and
metabolic processes, primarily by modulating the rumen
microbiome. Supplementary feeding increased dry mat-
ter intake while reducing grass consumption and alter-
ing the composition of grass species. Selective feeding
behavior, driven by enhanced nutritional density, led to a
marked decline in species such as Artemisia tanacetifolia.
These grazing model shifts were associated with changes
in the contrasting trends observed between metagen-
omic and metatranscriptomic analyses for certain rumen
microbes such as of Lachnospiraceae, which was attrib-
uted to the dynamic changes in the rumen environment
intervened by supplementary feeding. Additionally, the
changes of rumen microbiome were associated with the
abundance of the rumen epithelium cells, such as TDKs,
and the nutrient absorption functional genes in the BCs,
particularly SLC16A1, responded to the changed rumen
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fermented grass and its associated rumen microbiome.
These changed grass-rumen functions affect the host bile
acid profiles and amino acid metabolism. These findings
deepen our understanding of the rumen function and its
implications for optimizing grazing ruminant productiv-
ity, ecosystem stability, and grassland grazing sustain-
ability. Further research is essential to assess the broader
ecological impacts, including potential crosstalk between
the rumen microbiome and host epithelial cells that may
influence gene expression, forage intake, and systemic
metabolism.

Methods

Animal experimental design and sampling

The experiment was conducted from July to September
2022 at Team 9 of Ternihe Ranch, Chenbalhu Banner,
Hulunbuir League, Inner Mongolia Autonomous Region,
an area characterized by temperate meadow grasslands
and an annual precipitation of approximately 400 mm.
Seventy-two healthy, three-month-old weaned Hulun-
buir male lambs of similar size and weight (23.70£1.22
kg) were selected for the study (ethics approval num-
ber AW52603202-5-1). The experiment employed a 2*3
two-factor randomized block design, with factors includ-
ing grazing intensity and concentrate supplementation
levels. Grazing intensity, which in this experiment was
formulated according to the Evaluating criterion for bal-
ance of forage supply and livestock requirement (LY/T
3320-2022) published by the National Forestry and
Grassland Administration, and was classified into mod-
erate grazing (grass utilization rate of 40%, block area of
0.4 ha, carrying capacity of 10 lambs/ha, MG) and heavy
grazing (grass utilization rate of 80%, block area of 0.2
ha, carrying capacity of 20 lambs/ha, HG) based on the
area of grazing plots and grass utilization rate. Calcula-
tion of forage intake was performed using the snap cage
method [73]. Previous studies utilized ITS2 barcoding to
identify nine forage grass species [74], including Leymus
chinensis (LC), Bromus inermis (BI), Artemisia tanaceti-
folia (AT), Astragalus adsurgens (AA), Carex duriuscula
(CD), Potentilla bifurca (PB), Medicago falcata (MF),
Plantago depressa (PD), and Poa pratensis (PP). These
plants represented over 95% of the total vegetation in
terms of height and canopy cover. The absolute intake
of each species was calculated by multiplying its pro-
portional representation by the total forage intake. Con-
centrate supplementation levels were 0% (NS), 1% (LS),
and 2% (HS) of body weight. The lambs in the treatment
groups were given supplemental feeding daily at 16h00
and free access to water throughout the three-month trial
period. The supplementary feed formulas are provided
in Table S16 indicate that corn grain and its by-products
(corn bran and corn germ meal) constitute 68.67% of
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the dry matter in the concentrate. Thus, six groups were
conducted for animal experiment in this study: HGNS,
HGLS, HGHS, MGNS, MGLS, and MGHS.

Blood samples were collected from the jugular vein
of each lamb before feeding on the morning of the day
before slaughter and then centrifuged at 3000xg for
10 min to isolate the serum. At the end of the feed-
ing period, all animals were slaughtered, and samples of
rumen contents and rumen wall were collected. Rumen
contents were collected from the ventral region of the
rumen and immediately filtered through four layers of
medical gauze to remove undigested fiber and particulate
matter, yielding a homogenized fluid sample. This sample
was quickly divided into portions: one was used immedi-
ately for pH measurement, while the remaining portions
were stored in liquid nitrogen for the analysis of SCFAs
and ammonia nitrogen (within 1 month), and multiomics
studies (within 1.5 years). For the molecular and multi-
omics analysis, we selected two groups of moderate graz-
ing plus 0% concentrate supplementation (MGNS) and
moderate grazing plus 2% concentrate supplementation
(MGHS) based on the animal phenotypes (Tables 1 and
2). And the systematic workflow and feature overview
of this multiomics study was shown in Fig. 7, including
rumen microbiome metagenomics and metatranscrip-
tome (n=6), rumen and blood metabolomics (n=38),
rumen tissue single-cell RNA sequencing (n=3).

Rumen fermentation characteristics

The pH of the rumen fluid was promptly measured using
a calibrated Testo 205 pH meter (Testo, Germany) with
automatic temperature compensation. Ammonia-N lev-
els were measured according to previously published
methods [75]. The pre-treatment steps for SCFAs are as
follows: clarified rumen fluid samples were centrifuged
to remove feed particles and impurities (5400 rpmXx 10
min). Then, 1 mL of the centrifuged supernatant and
0.2 mL of 25% metaphosphoric acid solution contain-
ing the internal standard 2-ethylbutyric acid (2 EB) were
accurately added to a 1.5 mL centrifuge tube, thoroughly
mixed, and incubated in an ice-water bath for at least 30
min. A subsequent centrifugation (10,000 rpm X 10 min)
was performed to remove protein precipitates, and the
resulting supernatant was collected for further analysis.
The SCFAs concentrations were determined using gas
chromatography (Trace 1300; Thermo Fisher Scientific
Co., Ltd., Shanghai, China).

Metabolomics analysis

For the rumen fluid and serum samples, 100 uL of
serum was mixed with 400 pL of an extraction solution
(methanol: acetonitrile, 1:1, v/v) containing deuterated
internal standards. The mixture was vortexed for 30 s,
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sonicated for 10 min in a 4 °C water bath, and incubated
for 1 h at—40 °C to precipitate proteins. The samples
were then centrifuged at 13,800 g for 15 min at 4 °C.
The supernatant was transferred to a fresh glass vial for
analysis. A quality control (QC) sample was prepared
by mixing equal aliquots of the supernatants from all
samples. Liquid chromatography-tandem mass spec-
trometry (LC—-MS/MS) was performed using an ultra-
high-performance liquid chromatography (UHPLC)
system (Vanquish, Thermo Fisher Scientific) equipped
with a Waters ACQUITY UPLC BEH Amide column
(2.1 mmx50 mm, 1.7 um) and coupled to an Orbit-
rap Exploris 120 mass spectrometer (Orbitrap MS,
Thermo). The mobile phase consisted of 25 mmol/L
ammonium acetate and 25 mmol/L ammonia hydrox-
ide in water (pH=9.75) as solvent A, and acetonitrile
as solvent B. The auto-sampler was maintained at 4
°C, and the injection volume was 2 pL. The Orbitrap
Exploris 120 mass spectrometer was operated in infor-
mation-dependent acquisition (IDA) mode, controlled

by Xcalibur software (Thermo), continuously evaluat-
ing the full scan MS spectrum. The electrospray ioni-
zation (ESI) source conditions were as follows: sheath
gas flow rate of 50 Arb, aux gas flow rate of 15 Arb,
capillary temperature of 320 °C, full MS resolution of
60,000, MS/MS resolution of 15,000, collision energy of
20/30/40 (SNCE), and spray voltage of 3.8 kV (positive
mode) or — 3.4 kV (negative mode).

Rumen microbiome metagenomics analysis

Microbial genomic DNA was extracted from 250 pL
of homogenized liquid-phase subsample, a volume
optimized to yield consistent DNA amounts (>1 pg/
sample, quantified by Qubit). Extraction involved
bead-beating homogenization (500 mg of 0.1 mm glass
beads) in 700 uL SLX-Plus Lysis Buffer with vortexing
(2500 rpm, 10 min). After adding 70 pL DS precipi-
tation buffer, samples were incubated at 70 °C for 10
min and centrifuged (12,000x g, 5 min). The result-
ing supernatant (500 pL) underwent silica-binding
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with SP2 Binding Buffer (170 pL) and HTR Reagent
(170 pL) on ice (5 min). Clarified lysate (450 pL) was
then purified magnetically using MagSi beads (40 pL)
and sequential washes with XP5 Wash Buffer (500
uL), PHB (800 uL), and ethanol-SPM (800 uL, 1:1 v/v).
DNA was air-dried for 15 min and eluted using pre-
heated buffer (50—-100 pL, 70 °C). Transfer the cleared
supernatant containing purified DNA to a new 1.5
mL tube. The quantity and quality of the extracted
DNA were assessed using a Qubit" 4 Fluorometer
(Invitrogen, USA) and agarose gel electrophoresis.
Metagenomic libraries were constructed using the Illu-
mina TruSeq Nano DNA LT Library Preparation Kit
(Illumina, USA) with an insert size of ~400 bp. Each
library was sequenced on the Illumina NovaSeq plat-
form (Illumina, USA) using the paired-end 150 bp
(PE150) strategy at Personal Biotechnology Co., Ltd.
(Shanghai, China). Raw sequencing reads were pro-
cessed to obtain high-quality reads for further analy-
sis. First, sequencing adapters were removed using
Cutadapt (v1.2.1) [76]. Second, low-quality reads were
trimmed using the sliding-window algorithm in fastp
(v0.23.2) [77], to remove host DNA contamination.
The resulting quality-filtered reads were then used for
taxonomical classification using Kraken2 (v2.0.8-beta)
[78], against a GTDB-derived database that included
archaeal and bacterial genomes from the GTDB data-
base, viral sequences from the RVDB database, and
eukaryotic microbial sequences from the NCBI-nt
database. Reads assigned to metazoans or viridiplantae
were excluded from downstream analyses.

For assembly, Megahit (v1.1.2) [79] was used with
meta-large preset parameters. The resulting contigs
(longer than 300 bp) were pooled and clustered using
mmseqs2 [80] in “easy-linclust” mode, with a sequence
identity threshold of 95% and a coverage threshold of
90% for the shorter contig. The lowest common ances-
tor taxonomy of non-redundant contigs was deter-
mined by aligning them against the NCBI-nt database
using mmseqs2 in “taxonomy” mode. Contigs assigned
to Viridiplantae or Metazoa were excluded from further
analysis. Gene prediction in the contigs was performed
using Prodigal (v2.6.3) [80]. The Coding Sequences
(CDS) from all samples were clustered using mmseqs2
with the “easy-cluster” mode, with a protein sequence
identity threshold of 95% and 90% coverage for the
shorter contig. To assess gene abundances, high-quality
reads from each sample were mapped to the predicted
gene sequences using Minimap2, and feature Counts
was used to count the aligned reads, yielding the Reads
Count (RC) [81] for each gene. Finally, using the clus-
ter corresponding file generated by gene deduplica-
tion, the RC of non-redundant proteins was obtained.
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The filtered protein sequence set was then compared
with commonly used protein databases to annotate
and analyze the gene functions across all samples. The
comparison was performed using the search module of
MMseqs2, with a sensitivity parameter set to 5.7. The
predicted protein sequences were annotated based on
the Carbohydrate-Active Enzymes database (CAZy
database, version 2024-05) using the dbCAN2 meta-
server (v2.0.11).

Rumen microbiome metatranscriptome

Total RNA was extracted using the RNA PowerSoil®
Total RNA Isolation Kit (12,866—25) (MoBio, USA)
according to the manufacturer’s instructions. The qual-
ity and quantity of the extracted RNA were assessed
using 1.5% agarose gel electrophoresis and a UV spec-
trophotometer. Additionally, RNA integrity (RIN>5.5)
was verified using an Agilent 2100 Bioanalyzer (Agilent,
USA). Following the removal of ribosomal RNA to isolate
microbial RNA, cDNA synthesis and metatranscriptome
library construction were performed using Illumina’s
TruSeq Stranded mRNA LT Sample Prep Kit (Illumina,
USA). Libraries were sequenced on the Illumina NovaSeq
platform (Illumina, USA) using the paired-end 150 bp
(PE150) strategy at Personal Biotechnology Co., Ltd.
(Shanghai, China).

Raw sequencing reads were processed to obtain high-
quality reads for downstream analysis. The processing
steps included (1) adapter removal: sequencing adapt-
ers were removed using Cutadapt (v1.17) [76]; (2) qual-
ity trimming: low-quality reads were trimmed using a
sliding-window algorithm in fastp (v0.20.0) [82]; (3) host
contamination removal: reads were aligned to the lamb
genome using BMTagger to remove host contamination
[83]; and (4) ribosomal RNA removal: ribosomal RNA
sequences were removed using SortMeRNA (v4.2.0) [84]
with its default rRNA reference database. After obtaining
quality-filtered reads, taxonomical classifications of the
metatranscriptomic reads were performed using Kraken2
[78] against a RefSeq-derived database. Reads assigned
to metazoans or viridiplantae were excluded from down-
stream analyses. For assembly, Trinity (v2.11.0) [85] was
used to assemble the reads for each sample. The result-
ing contigs (longer than 200 bp) were pooled and clus-
tered using mmseqs2 [80] in “easy-linclust” mode, with
a sequence identity threshold of 98% and 95% coverage
for the shorter contig. The lowest common ancestor tax-
onomy of the non-redundant contigs was determined
by aligning them against the NCBI-nt database using
BLASTN.

Gene prediction in the contigs was performed using
TransGeneScan (v1.3.0) [86]. The CDS of all samples
were translated into proteins and further clustered
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using mmseqs2 [80] in “cluster” mode, with a protein
sequence identity threshold of 95% and 90% coverage
for the shorter sequence. To quantify gene abundance,
high-quality reads from each sample were mapped to
the predicted gene sequences using Salmon [87] in
quasi-mapping-based mode with “—~meta—minScore-
Fraction=0.55". The gene abundance was normalized
using transcripts per kilobase per million mapped
reads (TPM). The functionality of the non-redundant
genes was annotated using mmseqs2 [80] in “search”
mode against protein databases including KEGG and
CAZy. KO were obtained using KOBAS [88].

Rumen tissue collection, dissociation and single-cell RNA
sequencing

Three lambs from each experimental group were
selected randomly for scRNA-seq. Epithelial tissues
from the ventral bursa region of the rumen were col-
lected post-slaughter, washed with saline to remove
digestive fluids, and stored in liquid nitrogen for 1.5
years prior to further analysis. Rumen wall (abdominal
sac) (0.25 g) was rinsed with pre-cooled sterile saline to
remove feed particles and unattached microorganisms,
and prepared by absorbing residual liquid, placing the
tissues in sterile petri dishes, and chopping them into
1-2 mm3 pieces on ice. The pieces were transferred to
freezing tubes, frozen in liquid nitrogen for 5 min, and
stored in an ultra-low temperature freezer. A quality
control (QC) sample was similarly prepared but frozen
without chopping. Before nucleus isolation, the QC
sample was thawed, and RNA was extracted to confirm
integrity.

Nucleus isolation and purification involved trans-
ferring frozen tissue to a Dounce homogenizer, add-
ing 500 pL of pre-cooled lysis buffer, thawing, and
homogenizing the tissue with a loose pestle (15-20
strokes) followed by a tight pestle (5-10 strokes); the
homogenate was then mixed with 700 pL of Nuclear
Wash Buffer, filtered through a 70 pm strainer into a
50 mL tube, and combined with 1 mL of 50% iodix-
anol before preparing a gradient in a 15 mL tube with
33% and 30% iodixanol, layering the nuclei solution
on top, and centrifuging at 10,000 X g for 20 min at 4
°C; the nuclei layer was collected from the 33%/30%
iodixanol interface, washed with Nuclear Wash Buffer,
filtered through a 40 pm filter, centrifuged again,
and finally resuspended in 100 pL of Nuclear Wash
Buffer; the nuclei suspension was stained with Trypan
blue, counted under a microscope, and adjusted to a
concentration of 700-1200 nuclei/uL using PBS as
needed.
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The library construction was performed according
to the manufacturer’s instructions. The Single Cell 5’
Protocol produced Illumina-ready sequencing librar-
ies. A Single Cell 5" Library comprised standard Illu-
mina paired-end constructs which begin and end with
P5 and P7. The Single Cell 5" 16 bp 10 x Barcode and
10 bp UMI were encoded in Read 1, while Read 2 was
used to sequence the cDNA fragment. Sample index
sequences were incorporated as the i7 index read.
Read 1 and Read 2 were standard Illumina® sequenc-
ing primer sites used in paired-end sequencing.

ScRNA-seq data processing, cell clustering, and cell type
annotation
10X Genomics Cell Ranger software (version 3.1.0) was
used to convert raw BCL files to FASTQ files, align-
ment, and counts quantification. Data quality control and
genome alignment were performed according to manu-
facturer’s instructions. Briefly, reads with low-quality
barcodes and UMIs were filtered out and then mapped
to the reference genome. Reads uniquely mapped to
the transcriptome and intersecting an exon at least 50%
were considered for UMI counting. Before quantifica-
tion, the UMI sequences were corrected for sequenc-
ing errors, and valid barcodes were identified based on
the EmptyDrops method [89]. The cell by gene matri-
ces were produced via UMI counting and cell barcodes
calling. The cell by gene matrices for each sample were
individually imported to Seurat [90] version 3.1.1 for
downstream analysis. Seurat implements a graph-based
clustering approach. Distances between the cells were
calculated based on previously identified PCs. Briefly,
Seurat embed cells in a shared-nearest neighbor (SNN)
graph, with edges drawn between cells via similar gene
expression patterns. To partition this graph into highly
interconnected quasi-cliques or communities, we first
constructed the SNN graph based on the Euclidean dis-
tance in PCA space and refined the edge weights between
any two cells based on the shared overlap in their local
neighborhoods (Jaccard distance). We then clustered
cells using the Louvain [91] method to maximize mod-
ularity. Regarding cell type annotation, we identified
marker genes based on the specificity of the genes in the
cell and their expression (>50%) of all genes, and then
compared the corresponding databases and several peer-
reviewed single-cell transcriptomics studies in relevant
animal systems [16, 5658, 92] to identify the cells. The
following three animal databases were mainly included:
CellMarker: http://117.50.127.228/CellMarker/;

Cell Taxonomy: https://ngdc.cncb.ac.cn/celltaxonomy/;

Cancer Single-cell Expression Map: https://ngdc.cncb.
ac.cn/cancerscem/;
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Expression values of each gene in given cluster were
compared against the rest of cells using. The Wilcoxon
rank sum test [93], significantly upregulated genes were
identified using 3 criteria. First, genes had to be at least
1.28-fold overexpressed in the target cluster. Second,
genes had to be expressed in more than 25% of the cells
belonging to the target cluster. Third, P value had to be
less than 0.05.

Based on the results of cell subpopulation classifica-
tion, t-SNE plots were employed to visualize distinct
cell subpopulation types. t-SNE (t-distributed stochas-
tic neighbor embedding) is a probabilistic nonlinear
dimensionality reduction method. Its primary objective
is to map high-dimensional data into a low-dimensional
space while preserving the local structural relationships
between data points as much as possible.

Statistical analysis

Initial data organization and checks were performed using
Microsoft Excel 2019, covering production performance,
feed intake, and rumen fermentation parameters. Linear
mixed modeling (IBM SPSS 26.0, USA) was used to analyze
the performance indicators under two different grazing
intensities and three levels of supplemental feeding, includ-
ing live weight before slaughter, carcass weight, slaughter
rate, ADG, and feed intake. The statistical model followed
the approach outlined in our previous study as follows [94].

Vi =Bo+ @ + n + (@y)ij + b + k) + €u

where yj is the dependent variable; B, is the overall
mean; q; is the effect of grazing intensity; y, is the effect
of level of supplemental feeding; (ay); is the interaction
between grazing intensity and level of supplemental feed-
ing; by is the random effect of plot; r|(k) is the random
effect of lamb; and € is the residual.

Then statistical of feed intake and rumen fermentation
parameters between the MGHS and MGNS groups were
performed using the unpaired Student’s T tests in Graph-
Pad Prism 9.5.0, with a significance level of Q<0.05
(Benjamini—Hochberg adjusted P<0.05). Prior to analy-
sis, the normality of data distribution was confirmed via
Shapiro—Wilk tests (P>0.05), and homogeneity of vari-
ances was verified using F tests (P>0.05). Results were
considered statistically significant at a Benjamini—-Hoch-
berg adjusted P<0.05 to control for false discovery rate
(FDR) in multiple comparisons. For metagenomics and
metatranscriptomics statistics data, linear discriminant
analysis effect size (LEfSe) was performed to detect dif-
ferentially abundant taxa and functions across groups
using the default parameters. Alpha diversity was char-
acterized using the Chaol and Observed species indices
to represent richness, the Shannon and Simpson indices
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to represent diversity, the Pielou’s evenness index to rep-
resent evenness, and the Good’s coverage index (Good,
1953) to represent coverage. Beta diversity analysis was
performed to investigate the compositional and func-
tional variation of microbial communities across samples
using Bray—Curtis distance metrics and visualized via
principal coordinate analysis (PCoA), nonmetric multi-
dimensional scaling (NMDS). Additionally, the Adonis
test (also known as PERMANOVA, permutational mul-
tivariate analysis of variance) was applied to assess sta-
tistical significance (P<0.05). The analysis of rumen and
serum metabolites, the value of variable importance in
the projection (VIP) of the first principal component in
OPLS-DA analysis was obtained. OPLS-DA models were
constructed using one predictive component (focus-
ing on between-group variation) and one orthogonal
component (capturing within-group variation). The VIP
values were calculated exclusively from the predictive
component, as orthogonal components are intention-
ally designed to filter out variance unrelated to the class
discrimination. This approach ensures that VIP scores
reflect metabolites truly associated with the experimental
groups. It summarizes the contribution of each variable
to the model. The metabolites with VIP>1 and P<0.05
(student ¢ test) were considered as significantly changed
metabolites between the MGHS and MGNS group. ROC
analysis was used to identify key metabolites markers. In
addition, commercial databases including KEGG (http://
www.genome.jp/kegg/) and MetaboAnalyst (http://www.
metaboanalyst.ca/) were used for pathway enrichment
analysis.
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