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SUMMARY

Gut microbiota often undergo metabolic cross-feeding and resource competition. However, our understand-
ing of global variations in these interactions and their implications for host health remain elusive. By analyzing
amicrobial genome catalog from 841 fecal metagenomes across 53 primate species worldwide, we identified
key microbiota assigned to two taxa, i.e., Bacillota_A and Pseudomonadota, which well predicted the trade-
off of community-level interaction types between metabolic competition and cooperation. Specifically, Ba-
cillota_A species were inherently competitive and amino acid auxotrophic and typically found in anaerobic
habitats. In contrast, members of Pseudomonadota were inherently cooperative, siderophore producers,
and more abundant in aerobic conditions. Random forest models successfully distinguished unhealthy gut
samples from healthy samples through the key competitive and cooperative microbiota, suggesting potential
links between community metabolic interactions and host health. Together, this study enhances our mech-
anistic understanding of microbial interaction dynamism within complex gut ecosystems, offering new

targets for understanding host health.

INTRODUCTION

The gut harbors diverse and abundant microbial life akin to an
functional organ of their host."? These taxonomically and func-
tionally differentiated microbial inhabitants typically interact
with one another in a variety of ways.®> > Generally, the ecological
interaction types are defined based on the consequences of the
interaction has on the fitness of the co-culturing partners,
including both synergistic effects (often as cooperation) and
antagonistic effects (predominately referred to as competi-
tion).>® These microbial interactions play crucial roles in host
metabolism and health.”'® However, gut microorganisms do
not exist in isolation but form complex assemblies in which
myriad microbial species interact with each other at a commu-
nity level.® According to the community assembly and ecological
network theory, species interactions govern the gut microbiome
dynamics and stability, which are often considered critical for
host health.”"'? Consequently, there is an urgent need in identi-
fying microbial interacting patterns and their underlying rules at
the community level in the complex gut ecosystem.
Traditionally, different patterns of microbial interactions are
identified using co-cultivation dependent method.® However,
the vast majority of microbes in the gut have thus far eluded culti-
vation,®'® rendering it formidable to disentangle the nature of
species interactions of a community. As a result, previous
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studies either focused on the interactions of cultured core micro-
bial consortium or considered pairwise co-occurrence as a
proxy of interaction,®'®"” obscuring our comprehensive under-
standing of microbial interactions in community. Recent ad-
vances in sequencing technologies and metagenomics have
enabled the use of genome-scale metabolic models to infer
the metabolic competitive and cooperative potential between or-
ganisms from the degree of metabolic resource overlap (MRO)
and metabolic interaction potential (MIP) between them.'®2° A
higher community MRO indicates a greater overlap between
the minimal nutritional requirements of all member species, while
a higher MIP suggests more metabolites species can share to
decrease their dependency on external resources.”’ Studies
have attested to the potential of this method to evaluate the
inherently complex microbial metabolic interactions in natural
and gut environments.’”** Therefore, employing metabolic
interaction methods could provide valuable insights into the
fundamental rules governing the ecological interactions within
the gut microbial communities, thereby facilitating the identifica-
tion of key microbiome members and streamlining our under-
standing of complex gut ecosystems.

Previous studies have attested to the roles of many factors in
shaping the compositional makeup and functional performance
of the gut microbiome.?>~?® For example, the gut microbiome of
wild animals is subject to the captivity as a result of human
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manipulation of the diet, healthcare, and social interactions.?®
However, while considered across host lineages, phylogeny out-
performs other factors (e.g., diet, individual, living environment,
and social interactions) in determining the structure of gut micro-
bial community.*° Therefore, we hypothesize that the gut micro-
bial metabolic interactive patterns are also mainly driven by the
host phylogeny (hypothesis 1). Given that functional redundancy
and diversification are prevalent in the gut microbiome,*’ the
metabolic competition and cooperation for different microorgan-
isms in the community could be polarized.”®° We thus hypothe-
size that the intrinsically competitive or cooperative key micro-
biota determines the interaction types of the whole community
(hypothesis 2). Finally, the gut microbial interactions are associ-
ated with a number of important functions in the host, including
the breakdown of complex carbohydrates,®® defend against
pathogenic bacteria,” and production or biotransformation of
metabolites (i.e., short chain fatty acids, vitamins, and bile
acid),**° which are tightly associated with host health. We
thus anticipate that shifts in the key competitive and cooperative
microbiota that influence the community interactions are associ-
ated with changes in host health status (hypothesis 3).

To test these hypotheses, we firstly constructed a comprehen-
sive non-human primate (NHP) gut microbial genome catalog
(termed NPG-MG), established with previous gut metagenomic
data across diverse clades of NHPs in the globe, as well as our
sampling and metagenomic sequencing of feces from two sym-
patric primate species in China (Table S1). Using this catalog, we
sought to uncover the underlying drivers and mechanisms gov-
erning the variation in metabolic interactions of the gut microbial
community across NHPs. By including an additional dataset
comparing the gut microbiome between hosts with distinct
health states,*® we also explore the potential links between the
gut microbial metabolic interactions and host health. As a whole,
these findings presented in our study could substantially
improve our understanding of the complex gut microbial
ecosystem and advance the conservation and management of
NHPs by leveraging the gut microbial metabolic interactions as
indicators for disease diagnosis.

RESULTS

Construction of an NPG-MG catalog
To obtain a comprehensive genome collection for the NHPs gut
microbiome, we downloaded 725 metagenomes >1 Gb from 23
previously published articles, spanning 51 primate species from
22 countries in four continents (Figure 1A; Table S1). Meanwhile,
we collected 116 fecal samples of the sympatric western black
crested gibbons (Nomascus concolor, n = 68) and Indochinese
gray langurs (Trachypithecus crepusculus, n = 48) in Mt. Wuliang
National Nature Reserve, Yunnan, China, for metagenomic
sequencing (Figures 1A and S1A; Table S1). Finally, our obtained
metagenomic datasets included the major clades (ape, monkey,
and lemur) of primate phylogeny, comprising 53 extant primate
species (9 families and 31 genera) varied in diet (folivore, frugi-
vore, herbivore, omnivore, carnivore, and gumnivore) and living
environment (wild and captive; Figures 1A and 1B; Table S1).

A total of ~27 Tb metagenomic reads data were recruited
and used for the genome binning, yielding 15,309 high-quality
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(completeness >90% and contamination <5%) metagenomic-
assembled bins. These bins, in combination with the 1,031 high-
quality bins recovered in a previous NHP gut microbiome study,*”
were dereplicated into 3,867 species-level genome bins (SGBs)
with an average of 96.3% completeness and 0.72% contamina-
tion (Figures 1C and S1B; Table S2). Rarefaction analysis indi-
cated that the number of microbial SGBs was closer to saturating
when only considering those with more than two conspecific ge-
nomes compared with all SGBs, suggesting that rarer microbial
species remain to be discovered (Figure 1C). Nevertheless,
SGBs recovered in our study resulted in an over 600% increase
in phylogenetic diversity compared to the previous genome cata-
log of NHP gut microbiome (Figure S1C).

We further examined biases within the datasets across various
samples and primate lineages. We selected metagenomes with
the largest size within the nine primate families and subsampled
them at varying fractions to simulate different sequencing depth.
All 3,867 non-redundant SGBs were mapped to both the raw and
subsampled metagenomic reads. The number of identified
SGBs increased with the subsampling fractions across the
nine families (Figure S1D). However, the dominant SGBs (relative
abundance >0.1%) in the raw metagenomic samples were suc-
cessfully recovered in the subsampled datasets, with the excep-
tion of Cheirogaleidae that had a microbial richness <10
(Figure 1D). These results suggest that while sequencing depth
affects genome recovery efficiency, the dominant microbiota in
samples with higher richness could be efficiently recovered in
metagenomes across varying sequencing depth. Consequently,
we used the dominant SGBs in each sample for our subsequent
analyses and excluded 28 samples with a microbial richness <10
from the 841 samples. Furthermore, as most bins were predom-
inantly recovered from specific primate lineages, such as apes
and monkeys, we also removed samples with reads mappability
<50% to minimize potential biases in the recovered SGBs across
different NHPs. Finally, a total of 184 metagenomes (represent-
ing 20 species from seven NHPs families) and 3,261 SGBs
were retained for subsequent analyses (Table S3).

Primate phylogeny determines the gut microbial
metabolic interactions

We next assessed the extent of gut microbial niche overlap and
cross-feeding in the 184 communities by constructing genome-
scale metabolic models for the identified dominant SGBs of each
sample. We used the MRO and MIP scores as proxies to reflect
the strength of competitive and cooperative metabolism in a
community (See STAR Methods section). We observed signifi-
cant variations in MRO and MIP across host dietary, living envi-
ronment, gut morphology, and phylogenetic clades (Figure 2A;
Table S3). Specifically, the gut microbiota of folivorous and her-
bivorous primates exhibited a tendency toward increased
competition and cooperation intensity compared with frugivo-
rous primates. Captive primates showed significantly higher
strength of cooperation but similar levels of competition relative
to wild living primates. Foregut fermenters exhibited significantly
higher levels of both competition and cooperation compare to
hindgut primates. Monkeys demonstrated the highest levels of
MRO and MIP, followed by apes and lemurs (Figure 2A), sug-
gesting potential co-diversification of hosts and gut microbes.
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Figure 1. Construction and assessment of the unified NPG-MG catalog

(A) Geographic distribution of the 841 metagenomic samples retrieved per country represented by its capital location.

(B) A consensus phylogenetic tree of the 53 species with gut microbial metagenomes. The colors of the bars in the third inside rings represent the number of
metagenomic samples, the number of recovered microbial genomes, and the diet per species. The outer gray strips represent different primate families.

(C) Rarefaction curves of the number of redundant microbial populations detected as a function of the number of genomes analyzed. Curves are depicted for all
the populations (blue curve) and after excluding singleton populations (gray curve, represented by only one genome). Numbers inside the parentheses indicate

the total number of bins and SGBs.

(D) The recall rate (heatmap) of dominant SGBs in the metagenomes subsampled from nine selected raw metagenomes with the largest size within each primate
family. Barplot indicates the number of SGBs detected in the raw metagenomes.

See also Figure S1 and Tables S1 and S2.

Therefore, we performed phylogenetically controlled mixed
models (MCMCglmm) to explicitly explore the relationship be-
tween the gut microbial interaction strength and host character-
istics. The MCMCglmm models converged successfully with the
Gelman-Rubin criterion <1.01 (Figure S2). The analysis revealed
that primate phylogenetic relationship exerted influence on both
gut microbial MRO and MIP levels, as indicated by the significant
phylogenetic signal lambda for MCMCglmm models (Figure 2B).
We next sought to identify whether interactive types discerned
through MRO and MIP scores are phylogenetically related in
our samples (Figure 2C). By comparing the interaction indices
between each community and random assemblies of the same
size, we classified the 184 samples into four interaction types
(Figure 2C). Specifically, 20 samples were categorized as both
competitive and cooperative (type 1), 16 samples as exclusively

cooperative (type 2), 15 samples as neither competitive nor
cooperative (type 3), and 133 samples as exclusively competitive
(type 4). Further inspection showed that a majority of ape-
derived (70.0%) and monkey-derived (75.5%) samples fell into
type 4, while most lemur-derived samples (80.0%) were found
in type 2 (Figure 2C). However, when the host phylogeny was
limited to the species level, only one interactive type was exclu-
sively identified in only eight out of 26 species (Figure S3A), sug-
gesting a weak influence of host phylogeny on interaction types.
We further explored the nuanced roles of host phylogeny in
determining gut microbial metabolic competition and coopera-
tion. Our analysis revealed that the MRO and MIP scores were
significantly and positively correlated with the mean genomic
relatedness (average amino acid identity [AAI]) and the richness
of dominant SGBs across samples, respectively (Figure 2D).
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Figure 2. Drivers of gut microbial metabolic interactions in primates

(A) The strength of metabolic competition represented by MRO score (left panel) and metabolic cooperation represented by MIP score (right panel) across
different host diets, living environments, gut morphology, and phylogenetic groups. The p values (pairwise Wilcoxon test) were adjusted by multiple testing
corrections using the Benjamini and Hochberg false discovery rate (FDR) controlling procedure.

(B) Effects of host characteristics on gut microbial MRO and MIP scores. Posterior means (circles) and their 95% Cls (lines) are plotted from phylogenetically
controlled MCMCglmm models. The effects of host phylogeny on MRO and MIP scores were calculated as the posterior probability of the phylogenetic signal
lambda for MCMCglmm models, i.e., the proportion of the variance components compromised by the phylogenetic variance component.

(C) Identification of samples belonging to the four different interaction types by comparing MRO/MIP scores of specific microbial community with those of random
communities (permutations = 999) with the same number of SGBs.

(D) Associations between the richness and average amino acid identity (AAl) and the MRO and MIP scores across the 184 gut microbial communities. Only

dominant (relative abundance > 0.1%) SGBs are considered in each community. The best-fit lines and Pearson’s R? values are presented.

See also Figures S2 and S3 and Table S3.

These two gut microbial properties were also influenced by host
phylogeny, as indicated by the converged MCMCglmm models
(Figures S2 and S3B). Consequently, host phylogeny exerted
distinct influences on the gut microbial metabolic competition
and cooperation. These findings partially support our first
hypothesis.

Key microbiota of Bacillota A and Pseudomonadota
drive the metabolic interactive types

Having illustrated the gut microbial metabolic interaction types
and their driving factors, we further explored the contribution
of individual microbial lineages to the variation of interaction
types. We defined the contribution of a microbial SGB to the
community competition or cooperation as the decrease in
MRO or MIP scores when the SGB is deleted from the commu-
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nity. Accordingly, our analysis showed that Bacillota_A, Bacillo-
ta_C, and Spirochaeota were the primary contributors to the
community MRO, while Pseudomonadota and Spirochaeota
predominantly contributed to the MIP among all samples
(Figure 3A). Further inspection showed that the proportion of
SGBs related to Bacillota_A were significantly higher in compet-
itive samples (type 1 and 4), while that of Pseudomonadota
SGBs were significantly higher in cooperative samples (type 1
and 2). Moreover, the proportion of Bacillota_A and Pseudomo-
nadota were significantly correlated with MRO and MIP scores
across samples, respectively (Figure S4A), implying the potential
key roles of these two phyla in the variation of interaction types.

We further defined an SGB with highest contribution to MRO/
MIP in a community as the key SGB that could result in the
largest decrease in the community interaction strength.
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Figure 3. Identification of key gut microbiota contributing to the metabolic interactions

(A) The prevalence and mean contribution of each phylum to MRO (top panel) and MIP (bottom panel) variations. The contribution of an SGB to MRO or MIP of a
community is defined as the variation in MRO or MIP when the SGB is deleted from the community. The mean contribution of a phylum to MRO/MIP is then
calculated as the mean value of the contribution of SGBs assigned to this phylum in all communities. For clarity, only phyla with the highest prevalence or mean
contribution are colored.

(B) Proportion of SGBs assigned to Bacillota_A (top panel) and Pseudomonadota (bottom panel) across samples of the four interaction types. Wilcoxon test was
used for comparison of the proportions between competitive (types 1 and 4) or cooperative (types 1 and 2) types and other types.

(C) Based on the presence-absence matrix of the 42 key SGBs assigned to Bacillota_A and Pseudomonadota across the 184 samples, a random-forest
classification model with leave-one-out cross-validation was trained to classify different interaction types. The receiver operating characteristic (ROC) curve and
the area under the curve (AUC) are shown for each type.

(D) Line plots show the average value of metabolic interaction indices as a function of community size (permutations = 999 for each size). For communities with
different phyla, see STAR Methods section and Figure S4B for detailed simulation steps. For the random communities, the SGBs were randomly selected from the

3,867 SGBs.
See also Figure S4 and Table S4.

Accordingly, 29 key SGBs assigned to Bacillota_A, and 13 key
SGBs affiliated with Pseudomonadota were identified for the
community MRO and MIP, respectively (Figure S4B). The 29
key Bacillota_A SGBs were mainly affiliated with Lachnospira-
ceae, Ruminococcaceae, and Acutalibacteraceae, such as
Roseburia hominis, Hominimerdicola spp., and UBA737 spp.,
and the 13 key Pseudomonadota SGBs were mainly affiliated
with Burholderiaceae, CAG-239, Succinivibrionaceae, and
Enterobacteriaceae, such as Sutterella spp., Ralstonia spp.,
Succinivibrio spp., and Escherichia coli (Table S4). We estimated
the presence-absence matrix of these 42 key SGBs across the
184 samples to develop a random forest classifier to distinguish
different interaction types. Receiver operating characteristic
(ROC) curve analysis demonstrated a moderate-to-high diag-
nostic capability, with an area under the ROC curve (AUC) varied
for different types, ascertained through leave-one-out cross-
validation (Figure 3C).

To investigate whether the contributions of these two phyla
were stemmed from their intrinsic nature of metabolic interac-
tions, we performed simulations for different sized communities
comprising a random number of SGBs belonging to specific
phyla (Figure S4C). We calculated MRO and MIP scores for the
simulated communities of the five phyla (Bacillota_A, Bacteroi-
dota, Bacillota_l, Pseudomonadota, and Actinomycetota) with
the highest richness (87.6% of the total; Figure S4D). Our anal-
ysis revealed that the MRO scores remained consistent, while
the MIP scores increased with community size across different
phyla (Figure 3D). Meanwhile, the simulation results showed
that communities with Bacillota_A were highly competitive, while
those with Pseudomonadota displayed the highest degree of
cooperation (Figure 3D). Altogether, these results provide evi-
dence for our second hypothesis that the key competitive and
cooperative species drive the variation in metabolic interaction
types of the gut microbial community.
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Figure 4. Genomic and ecological disparities between Bacillota_A and Pseudomonadota

(A and B) The associations between the genomic features, i.e., mean genomic relatedness (A) and mean genome size (B), and the metabolic interaction scores
across different phyla. For each SGB, the average amino acid identity (AAl) values or metabolic interaction scores between this SGB and all other 3,866 SGBs are
estimated and averaged. The mean genomic relatedness or metabolic interaction scores for a specific phylum is thus determined as the average AAl value or
MRO/MIP scores of SGBs assigned to that phylum. The best-fit lines and Pearson’s R? values are presented.

(C) The proportion of SGBs assigned to Bacillota_A and Pseudomonadota across the 184 samples. Wilcoxon test was used for comparison of the proportion.
(D) The genome size of SGBs in the NPG-MG catalog and representatives in the GTDB r220 database affiliated with Bacillota_A and Pseudomonadota. Wilcoxon

test was used for comparison of the proportion.

(E) Proportion of Bacillota_A and Pseudomonadota genomes isolated from host-associated or free-living environments in the GTDB r220 database.
(F) 2D kernel density plot of the distribution of confidence values of the anaerobe (x axis) and aerobe (y axis) models of genomes in the NPG-MG catalog and the
GTDB r220 database affiliated with Bacillota_A and Pseudomonadota. The color gradient is proportional to the expected probability levels.

See also Figures S5 and S6.

Genomic and ecological evidence of Bacillota_A and
Pseudomonadota for their polarized metabolic
interactions

We next investigated the genomic and ecological adaptations of
Bacillota_A and Pseudomonadota to their polarized metabolic
interactions in the gut. Given that the MRO and MIP scores
were defined based on the input or output compounds of micro-
bial genomes, we initially examined the associations between
the scores and genomic features. The mean MRO score ex-
hibited a positive correlation (R? = 0.75, p = 2.96e-05) with the
mean genomic relatedness (AAl) across phyla (Figure 4A, top
panel). Meanwhile, the mean MIP score showed a positive corre-
lation (R? = 0.70, p = 1.51e-04) with the average genome length
across phyla (Figure 4A, bottom panel). Specifically, Bacillota_A
SGBs displayed significantly higher genomic relatedness with
other genomes (Figure S5A), which may be attributed to their
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prevalent distribution in the gut (Figure 4C). In contrast, the
significantly larger genome size of Pseudomonadota reflects
greater metabolic capacity (Figure 4D), as evidence by the larger
number of synthesized amino acids and utilized carbon sources
in their genomes (Figures S5B and S5C).

Further analyses revealed that genome size was more strongly
correlated with the number of output compounds than with the
number of input compounds (Figures S6A and S6B). Thus, we
conducted investigation into the exogenously absorbed sub-
strates by Bacillota_A SGBs and the endogenously secreted
substrates by Pseudomonadota SGBs. Amino acids were found
to be the most frequently required compounds for the Bacillo-
ta_A SGBs (Figure S6C), mirrored that this lineage displayed
lower capacity for amino acid biosynthesis (Figure S5B). The
Pseudomonadota SGBs exhibited a wider distribution in their
contributed compounds to the community (Figure S6D). Notably,
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siderophores (i.e., Salmocheline-S4 and Enterochelin) produced
by Pseudomonadota SGBs emerged as prominent public goods
in the community (Figure S6D).

To gain insights into the potential link between genomic and
ecological adaptations of these two phyla, we further investi-
gated their natural distribution. We firstly assessed the oxygen
requirements of Bacillota_A and Pseudomonadota genomes.
The results indicated that Bacillota_A species were predomi-
nantly anaerobic, whereas Pseudomonadota species were pri-
marily aerobic (Figure 4E). We then examined the habitat types
for their isolated genomes in Genome Taxonomy Database
(GTDB) r220. The results showed that 90.8% of the genomes
affiliated with Bacillota_A originated from host-associated envi-
ronments, while 53.7% of the Pseudomonadota genomes were
found in free-living conditions (Figure 4F). Concurrently, commu-
nity composition data obtained from the Earth Microbiome Proj-
ect (EMP) also indicated that Bacillota_A was more abundant in
host-associated environments (mean relative abundance =
16.4%) compared to free-living ones (1.56%), whereas Pseudo-
monadota exhibited significantly higher relative abundance in
free-living environments (37.1%) than host-associated environ-
ments (36.0%) (Figure S5D). Collectively, these results suggest
distinct oxygen requirements and habitat preferences of these
two phyla: competitive Bacillota_A characterized by a smaller
genome size tends to dominate in anaerobic and host-associ-
ated environments, while cooperative Pseudomonadota with a
larger genome size is more abundant or prevalent in aerobic
and free-living conditions.

Case study shows potential health implications of gut
microbial metabolic interactions

To further elucidate the potential associations between gut mi-
crobial metabolic interactions and host health, we conducted
an analysis of sequenced amplicon data recruited from a previ-
ous comparative study focusing on the gut microbiome of
healthy and unhealthy NHPs.*® We firstly mapped the 16S
rRNA gene sequences to their closest genomes in the NPG-
MG and the GTDB r220 representatives using a threshold of
99% identity and 95% coverage. Consequently, 52.3% of ampli-
con sequence variants (ASVs) were successfully mapped to
1,257 assembled genomes (Table S5), among which 81 were
from NPG-MG and 1,176 were from the GTDB database.
Notably, the mapped ASVs exhibited significantly higher preva-
lence and abundance compared to unmapped ASVs
(Figure S7A), indicating that unmapped ASVs are less prevalent
and abundant within the community.

We then used these mapped genomes to analyze the commu-
nity composition and metabolic interactions. The gut micro-
biome of both the healthy and unhealthy NHPs were dominated
with Bacteroidota, Bacillota_A, Pseudomonadota, and Bacillota
(Figure 5A). In particular, our analyses detected that Bacillota_A
was significantly more abundant in healthy individuals, whereas
Pseudomonadota was significantly enriched in unhealthy indi-
viduals (Figure S7B). Additionally, from healthy to unhealthy pri-
mates, we exclusively observed an increase in the proportion of
Pseudomonadota, while no significant alteration in the propor-
tion of Bacillota_A was detected (Figure 5B). Concomitantly, sig-
nificant increase in the strength of gut microbial metabolic coop-
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eration was observed in unhealthy guts compared to healthy
ones (Figure 5B).

To identify the key species that determined the community
metabolic interactions, we assessed the contribution of each
species to the MRO/MIP in each community. Consistently, Bacil-
lota_A and Pseudomonadota species contributed most to the
metabolic competition and cooperation across communities,
respectively (Figure 5C). Thus, we identified 42 Bacillota_A spe-
cies and 25 Pseudomonadota species as the key species that
contributed mostly to MRO/MIP in their samples (Table S6).
Among the 67 key species, only three were mapped to genomes
in the NPG-MG catalog, while the others were mapped to the
GTDB representatives (Table S6). The 42 key Bacillota_A SGBs
were mainly affiliated with Lachnospiraceae, Ruminococcaceae,
and Oscillospiraceae, such as Roseburia hominis, Ruminococ-
cus spp, and CAG-170 spp., and the 25 key Pseudomonadota
SGBs were mainly affiliated with Burholderiaceae, Pasteurella-
ceae, Moraxellaceae, and Enterobacteriaceae, such as Coma-
monas spp., Aggregatibacter actinomycetemcomitans, Acineto-
bacter spp., and E. coli. Using the presence-absence matrix of
these key species across samples, we trained a random forest
classifier to distinguish unhealthy from healthy primates. These
key species showed excellent diagnostic power in the datasets,
achieving an AUC value of 0.99 (Figure 5D).

We finally sought to understand the underlying mechanisms of
the potential links between community metabolic interactions
and host health status. We performed functional annotation to
identify virulent factor genes (VFs) and antibiotic resistance
genes (ARGs) in the genomes. Among the 1,257 representative
genomes mapped to ASVs, Pseudomonadota species harbored
the highest average numbers of VFs and ARGs, while Bacillota_A
had relatively lower VFs and ARGs (Figure 5E). This pattern re-
mained consistent when including Bacillota_A and Pseudomo-
nadota genomes recovered in our NPG-MG catalog
(Figure S5C). Collectively, these results provide evidence for
our third hypothesis that the metabolic interactions of gut micro-
bial community could be a potential indicator of host health
in NHPs.

DISCUSSION

We compiled a unified NPG-MG catalog of primate gut micro-
biomes, encompassing 3,867 microbial species distributed
across 53 global primate animal species. While this catalog
significantly expanded our knowledge about the NHPs gut mi-
crobial phylogenetic diversity compared to previous study,*’
we observed that most of our samples and microbial populations
originated from catarrhine monkeys and apes. Therefore,
continued efforts to investigate the gut microbiome of platyrrhine
monkeys and lemurs will further improve the resolution of our
catalog. Nevertheless, the NPG-MG represents the most exten-
sive catalog to date capturing the breadth of gut microbial
genomic diversity across extant primates and, thus, will serve
as a comprehensive reference for detailed exploration of meta-
bolic interactions in gut. Additionally, the microbiota of NHPs
has received less attention compared to that of the humans.®’
However, over two-third of primate species are threatened
with extinction.*® Given that mapping the microbiome of wildlife
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Figure 5. Case study of variations in gut microbial metabolic interactions of NHPs with different health status

(A) The relative abundance of gut microbial communities in samples of healthy and unhealthy NHPs.

(B) Proportion of Bacillota_A and Pseudomonadota genomes (top panel), and the strength of metabolic competition represented by MRO score and the strength
of metabolic cooperation represented by MIP score (bottom panel) in samples of healthy and unhealthy NHPs. Wilcoxon test was used for the comparisons.
(C) The prevalence and mean contribution of each phylum to MRO (top panel) and MIP (bottom panel) variations. For clarity, only phyla with the highest prevalence

or mean contribution are colored.

(D) Based on the presence-absence matrix of the 67 key SGBs assigned to Bacillota_A and Pseudomonadota across the samples, a random-forest classification
model with leave-one-out cross validation was trained to classify healthy and unhealthy samples. The ROC curve and the AUC are shown.
(E) The average number of identified ARGs and VFs on the mapped genomes of different phyla.

See also Figure S7 and Tables S5 and S6.

could guide conservation efforts,*® our studies would have an
important significance for science-informed conservation.
Furthermore, recent studies have suggested the co-diversifica-
tion between the gut microbiome and primates, highlighting
the widespread extinction of ancestral microbes from the human
gut.’? Therefore, the NPG-MG catalog would not only help in
elucidating co-evolutionary trajectories shaping the current
structure of the human microbiome but also could provide tar-
gets for preserving gut microbiota in the endangered primates.
Our study unveiled that host phylogeny plays a crucial role in
shaping the gut microbial metabolic interactions in primates.
The concept of phylosymbiosis has been developed as a general
principle for understanding the eco-evolutionary processes gov-
erning the gut microbiome structure.*%“° In light of this perspec-
tive, our conclusion is intuitive, yet it has not been previously re-
ported, possibly because of substantial emphasis on key
enterotype taxa instead of their biotic interactions in the gut.”’
While a previous study using high-order co-occurrence uncov-
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ered stark partitioning between competing and cooperating
groups,®® our results indicated that the strength of metabolic
competition and cooperation do not always exhibit a polarized,
antagonistic relationship in natural communities. This result is
reasonable as the competitive and cooperative microbial groups
could be concurrently present in a single natural community.*>*
While the gut microbial metabolic interactions could be catego-
rized into different types, analogous to the concept of entero-
type,*” the gut microbial metabolic competition and cooperation
were driven by different factors, thereby weakening the overall
impact of host phylogeny on community interaction types
derived simultaneously from the two interaction scores. None-
theless, our study elucidated that a majority of samples belong
to type 4, implying that most gut microbial communities are
metabolic competitive. This result potentiates the fact that the
gut microbiome is relatively stable as competition can promote
community stability."" However, future research should take
microbial abundance and other microbial interactions types
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(e.g., phage predation, and toxic or antibiotic effects) into ac-
count, as these aspects are critical to the microbial interaction
types in the gut.*>

Our analyses identified that Bacillota_A and Pseudomonadota
contributed most to the gut microbial metabolic interactions in
NHPs. More importantly, when compared with other phyla and
random communities, simulated communities, including SGBs
of Bacillota_A and Pseudomonadota, showed the highest
competition risk and cooperation potential, respectively, attest-
ing to their inherent property of metabolic interactions. Members
of Bacillota_A usually have significantly higher proportions of
amino acid auxotrophs than most other phyla,*” endorsing our
results that Bacillota_A harbor less amino acid biosynthesis
pathways and would frequently absorb amino acids exoge-
nously. Meanwhile, considering that Bacillota_A species
contribute mostly to the diversity in the gut microbial community
of NHPs, our results are consistent with a previous study, which
claimed that the gut microbiome with higher diversity is charac-
terized with increased auxotrophy frequency.*®

Our study also provided genomic and ecological evidences
that potentiate MIP. Genomically, the auxotrophic Bacillota_A
species would compete for the depleted amino acids in the colon
where the majority of gut microbiota resides,*® as diet-derived
amino acids are mostly absorbed by the host in the upper gastro-
intestinal tract.” However, Pseudomonadota displays larger
genome size and secrets siderophores as public goods that
scavenge iron from environmental stocks, leading to potential
cooperative interactions between microorganisms.*° Ecologi-
cally, due to the polarization of oxygen requirements between
the two phyla, Bacillota_A species are specifically found in
host-associated environments that are usually anaerobic, e.g.,
the gut, whereas Pseudomonadota species tend to be more
prevalent and abundant in free-living conditions that are
commonly aerobic. Since free-living communities typically
feature a larger genome size, enlarged genome size variability,
and higher proportions of prototrophs,51 reduced competition
and increased cooperation are expected in such habitat for all
of these reasons. Notably, our findings contrast results from a
previous work on co-occurring microbial species where compet-
itive groups are dominantly found in free-living environments.*°
Given that co-occurring species exist as only a part of the whole
community, it is likely that metabolic interactions with other spe-
cies play a role in the community.

Our study has uncovered key gut microbiota that underpin our
machine-learning models to successfully differentiate not only
among various interaction types but also between different
host healthy statuses. The intricate interactions within gut micro-
bial communities play crucial roles in shaping host functions.**
Therefore, identifying key microbiota with predictive capabilities
for community-level metabolic interactions would advance our
understanding of the complex gut microbiome system and
enable anticipating how interaction dynamics might shift in
response to external perturbations. Notably, the identified key
Bacillota_A species (e.g., Roseburia hominis, Hominimerdicola
spp., Ruminococcus spp., UBA737 spp., and CAG-170 spp.)
are prevalent and abundant in the gut. These species are spec-
ified in the degradation of dietary fiber and production of short-
chain fatty acids (SCFAs) and showed reduced abundance
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levels in unhealthy hosts,*”~°° indicating a fundamental role of

these species in the healthy gut. In contrast, while the coopera-
tive Pseudomonadota are typically rarer in the gut, members of
this phylum are usually opportunistically pathogenic,®” as evi-
denced by the highest number of VFs and ARGs in genomes.
Meanwhile, the identified key Pesudomonadota species (e.g.,
Sutterella spp., Ralstonia spp., Succinivibrio spp., Comamonas
spp., A. actinomycetemcomitans, Acinetobacter spp., and
E. coli.) have shown positive correlations with diseases,*® %
suggesting a detrimental role of these species in the gut. Conse-
quently, the balance between the gut microbial metabolic
competitive and cooperative types might also imply the host
health status. This is supported by our case analyses, which re-
vealed significantly higher metabolic cooperation levels in un-
healthy NHP hosts. It has been suggested that reduced diversity
and cooperation-derived dependencies foster instability in the
gut ecosystem.”’ While no significant differences in diversity
were observed between healthy and unhealthy hosts,*® our re-
sults indicate that the microbial community metabolic strategy
might serve as an indicator of host health, suggesting the inde-
pendent roles of microbial diversity and interactions in deter-
mining community stability.°> Moreover, our classification and
prediction models demonstrated the robustness of using key mi-
crobiota contributing to the metabolic interactions to accurately
predict the healthy status of NHPs, providing new strategies to
promote their management and conservation. Notably, only a
small proportion of ASVs could be mapped to genomes in the
NPG-MG catalog, as the catalog included just two of the five
NHPs species analyzed in the case study.*® This result highlights
the urgent need to construct a more comprehensive NHP gut mi-
crobiome catalog derived from individuals with diverse health
states or diseases, in order to develop a species-independent
approach for improving NHPs’ health prediction.

The astounding abundance and diversity of microbes colo-
nizing the gut are testament to their collective metabolic capabil-
ities relevant to host fitness and health. Our findings indicate that
host evolutionary history profoundly determines the variation of
gut microbial metabolic interactions, primarily manifested in
the variation of the key microbial taxa, i.e., Bacillota_A and Pseu-
domonadota. Moreover, we show that the inherent competition
and cooperation capacity of these two phyla might be a result
of genomic and ecological adaptation. Finally, we reveal that
the variation of gut microbial metabolic interactions is accompa-
nied with NHPs’ healthy status, suggesting potential therapeutic
implications of metabolic interactions. Overall, our comprehen-
sive investigation of gut microbial metabolic interactions in
NHP species highlights that gut microbial metabolic interaction
manifests itself as a multi-type community, where individual
gut microbiota congregates around competitive and cooperative
taxa. Our study provides new insights into the way we think
about the complex microbial ecosystem in general. On the one
hand, the microbial interactions play a crucial role in community
stability and functionality. If the recurring pattern that gut micro-
bial interactions are governed by specific relationships between
particular group of microorganisms is confirmed, we can stream-
line this complex system by focusing on these key interactions,
thereby facilitating future rational manipulations. On the other
hand, if such multi-type communities are prevalent across
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various ecosystems, uncovering diverse key taxa contributing to
the interaction types and their underlying selection forces would
promote our understanding of the origins and evolutionary tra-
jectories of microorganisms on the Earth.

Limitations of the study

In this study, we demonstrated that key gut microbiota assigned
to Bacillota_A and Pseudomonadota drives the variation in com-
munity-level metabolic interactions across NHPs. It is note-
worthy that our current analysis may not fully account for the in-
fluence of species abundance and other microbial interactions
types (e.g., phage predation, and toxic or antibiotic effects) on
the intensity of microbial interactions. Future studies employing
either microcosm experiments or in silico simulations are needed
to address this limitation, thereby enhancing our comprehensive
understanding of complex gut microbial interactions. Addition-
ally, while we observed associations between gut microbial
metabolic interactions and host health status, the underlying
mechanisms of microbial functional roles in maintaining gut ho-
meostasis remain to be elucidated at a more granular level.
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ALFA-SEQ Stool DNA Kit Magigene Cat#ADX1050

ALFA-SEQ DNA Library Prep Kit Magigene Cat#DL1010

NovaSeq 6000 instrument lllumina N/A

Deposited data

Metagenomes This study NCBI: PRUNA1158499

Metabolic models for the 3,867 SGBs This study Zenodo: https://doi.org/10.5281/zenodo.17140653
Scripts and relevant data for the This study Zenodo: https://doi.org/10.5281/zenodo.17139167
main and supplementary figures

Software and algorithms

fastp v0.23.4 Chen et al.® https://github.com/OpenGene/fastp

bwa v0.7.17 Li and Durbin®’ https:/github.com/Ih3/bwa

Megahit v1.2.9 Li et al.®® https://github.com/voutcn/megahit

metaWRAP v1.3.2
CheckM2 v1.0.1
dRep v3.5.0
CompareM v0.1.2
GTDB-Tk v2.4.0
Prodigal v2.6.3
DeepARG v1.0.2
diamond v2.1.10
PaperBLAST v1.2
Bacdive-Al v1.0
CoverM v0.7.0
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CarveMe v1.6.0
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QIIME2 v2024.2.0
BLAST v2.15.0
Rv4.2.3

ape v5.6-2

phangorn v2.11.1

MCMCglmm v2.35

vegan v2.6-4

Hmisc v4.2-0

stats v4.2.3

randomForest v4.7-1.1

Uritskiy et al.®®
Chklovski et al.”
Olm et al.”
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Chaumeil et al.”?

Hyatt et al.”®

Arango-Argoty et al.”*

Buchfink et al.”®
Price and Arkin"®
Koblitz et al.””
Aroney et al.”®
Shen et al.”®
Machado et al.°

Zelezniak et al.”’

Caporaso et al.®’

Altschul et al.®?

RCoreTeam®®

Paradis and Schliep®

Schliep®
Hadfield®®
Dixon®’
Harrell®®

RCoreTeam®®

Cutler et al.”®
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ggplot2 v3.5.1 Wickham®' https://cran.r-project.org/web/packages/
ggplot2/index.html

Other

SARG v3.2.1-S Yin et al.”” https://smile.hku.hk/ARGs/Indexing/download

VFDB Liu et al.® https://www.mgc.ac.cn/VFs/

Amplicon data of NHPs Amato et al.* ERP016286

EMP data Thompson et al.”* https://earthmicrobiome.org/data-and-code/

GTDB database release 220 Chaumeil et al.”” https://data.gtdb.ecogenomic.org/releases/latest/

Primate phylogenetic trees N/A https://vertlife.org/

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Ethical approval

We carried the field study and collected feces of the sympatric western black crested gibbons and Indochinese gray langurs distrib-
uted around the Dazhaizi Gibbon Research Station (100°42 'E, 24°21 'N) in Mt. Wuliang National Nature Reserve, Yunnan, China. In
the present study, we focused on the impact of diet, habitat, gut morphology, and host phylogeny on gut microbial metabolic inter-
actions, as the age and sex of other NHPs species were mostly unavailable in previous studies. The age and sex of the two sympatric
primate species are thus not relevant to our analyses. During follows, all fecal samples were non-invasively collected without disturb-
ing the gibbons and langurs. All data and samples were obtained legally and undertaken with permissions of Yunnan Wuliangshan
Ailaoshan National Nature Reserve, Jingdong Bureau (permit date: 20201205).

METHOD DETAILS

Public metagenome collection

We searched publications in the Scopus database to retrieve articles focusing on the gut microbial metagenomes of non-human pri-
mates. We manually excluded studies utilizing primates as experimental animal models. Finally, we obtained a total of 23 published
papers that provided 725 metagenomes >1 Gb for public access (Table S1). These metagenomes were sequenced from the fecal
samples of 51 primate species. We also collected species traits, including the countries where the fecal samples were collected, the
dietary types of each NHP species, the living environments, and the gut morphology from the papers. As the dietary data and gut
morphology of some species were not provided in the corresponding paper, we further collected these data from IUCN or a recently
published paper.®®

Wild data collection

We collected fecal samples for the sympatric western black crested gibbons and Indochinese gray langurs distributed around the
Dazhaizi Gibbon Research Station (100°42 'E, 24°21 'N) in Mt. Wuliang National Nature Reserve, Yunnan, China. The gibbons and
langurs in this area have been continuously monitored by our group for nearly twenty years. Three groups of gibbons and a group
of langurs have been habituated to allow close observations and fecal sample collection. From April 2021 to January 2022, we carried
out our longitudinal field study for the habituated gibbon and langur groups. Once a defection occurred, we collected the feces free of
soil and litter contamination into 15 mL sterile tubes with 95% ethanol within five minutes, and then transported to the laboratory
where they were stored at —80°C. We finally collected 116 fecal samples for western black crested gibbons (n = 68) and Indochinese
gray langurs (n = 48) (Table S1). The total microbial DNA was extracted from the fecal samples using the ALFA-SEQ Stool DNA Kit
(Magigene, Guangdong, China) following the manufacturer’s instructions. Sequencing libraries were prepared with ALFA-SEQ DNA
Library Prep Kit (Magigene, Guangdong, China) and sequenced from 150 bp paired ends on an lllumina NovaSeq 6000 platform (30
Gb for each library).

Genome catalog construction

The 116 sequenced metagenomes, combined with the 725 publicly downloaded metagenomes from the 23 published studies were
quality-trimmed, removed with host DNA contamination, and assembled. Specifically, the metagenomic data were quality filtered
with fastp v0.23.4 with parameters ‘-D -n 5 -M 20 -L 75 -Q’.°° Primate genomes for each of the 53 species or their closest relatives
were downloaded from the NCBI website (Table S1). The high-quality metagenomic reads were mapped against the corresponding
primate genomes using bwa v0.7.17 to remove contaminant sequences from the hosts.®” The clean reads for each metagenome
were assembled independently using Megahit v1.2.9.°® The assembled contigs >2,500 bp from each metagenome were binned
to microbial genomes using metaWRAP v1.3.2 with ‘binning -1 2500 -metabat2 -maxbin2 -concoct’ and ‘bin_refinement -c¢ 50 -x
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10’ options.®® Meanwhile, microbial genomes assembled from a previous study regarding the NHPs gut metagenomes were also
downloaded (Figure S1A).%”

The completeness and contamination of all recovered and downloaded microbial genomes were determined using CheckM2
v1.0.1.”° Genomes with estimated completeness >90% and contamination <5% were retained. The resulted 16,340 high-quality ge-
nomes were aggregated and clustered into 3,867 SGBs using dRep v3.5.0 with options ‘dereplicate -comp 90 -con 5 -sa 0.95 -cm
larger -nc 0.3 —p 40 -comW 1 -conW 4 -strW 0 -N50W 0 -sizeW 0 -centW 0".”" To estimate genomic relatedness between SGBs, AA|
was calculated using the CompareM (v0.1.2) AAl workflow (https://github.com/dparks1134/CompareM).

Taxonomic and functional annotation

For the 3,867 SGBs, taxonomic assignment was performed with GTDB-Tk v2.4.0 (database release R09-RS220).”* Open-reading-
frames (ORFs) the SGBs were predicted using Prodigal v2.6.3 with the parameters set as ‘-p meta -g 11 -f gff -q -m’.”®> ARGs were
annotated using two methods as follows. First, DeepARG v1.0.2 was applied on the predicted protein sequences using the ‘LS’
model with options ‘~min-prob 0.8 —arg-alignment-identity 50 —arg-alignment-evalue 1e-10 -arg-alignment-overlap 0.8.”* Second,
sequence alignment was conducted using diamond v2.1.10 ‘blastp’ command to align predicted protein sequences against the
SARG (v3.2.1-S, accessed on 2025.01.11) with options ‘~evalue 1e-10 —query-cover 80 —subject-cover 80 —id 50’.”°? VFs were an-
notated by aligning the predicted protein sequences to the reference sequence in the core set of Virulence Factors of Pathogenic
Bacteria Database (VFDB) using diamond v2.1.10 ‘blastp’ command with options ‘—evalue 1e-10 —query-cover 80 —subject-cover
80 —id 50°.7°%% To explore the capability of amino acids biosynthesis and common carbon sources utilization for genomes, the
GapMind code available in PaperBLAST v1.2 was used,’® and pathways that had all high-confidence steps were retained. To predict
the traits of oxygen requirements for genomes, bacdive-Al v1.0 was used and the confidence values for anaerobic and aerobic traits
were obtained.””

Computation of MRO and MIP scores

Since the 841 metagenomic datasets varied in reads length and number, we firstly mapped the 3,867 redundant SGBs to the raw
metagenomes using CoverM v0.7.0 using the parameters ‘-p minimap2-sr -min-read-percent-identity 0.95 —min-read-aligned-
percent 0.75 -m trimmed_mean —trim-min 0.05 —trim-max 0.95 —-min-covered-fraction 0’ to retrieve the gut microbial community
composition.”® We then selected the dominant (relative abundance >0.1%) SGBs in each sample to estimate the community-level
MRO and MIP scores. To assess the impact of the sequencing depth on the recovery of dominant SGBs, raw metagenomes with
largest size in each of the nine primate families were selected and randomly subsampled with different proportions (0.8, 0.6, 0.4,
and 0.2) using segkit v2.7.0 to simulate metagenomes with various sequencing depth.”® The 3,867 SGBs were then mapped to
the subsampled metagenomes to assess the recall rate of dominant SGBs detected in the raw metagenomes. Finally, to maximize
the recovery of dominant SGBs and minimize sampling biases, 184 raw metagenomes with microbial richness >10 and reads mapp-
ability >50% were selected to calculate community MRO/MIP.

Genome-scale metabolic model for each of the 3,867 SGBs was reconstructed from its protein fasta file using CarveMe v1.6.0.%°
The gap-filling process was performed with nutrient-rich and anaerobic conditions (i.e., -g LB[-02],M9[-02]), given the eutrophic and
low-oxygen conditions in the gut. Next, the MRO and MIP scores of dominant SGBs in a given sample was assessed using the global
mode of SMETANA v1.0.°" Meanwhile, to estimate the competition/cooperation strength for each SGB, the MRO/MIP scores be-
tween a single SGB and all other SGBs were calculate and averaged.”' The competition/cooperation strength for a specific phylum
was thus calculated as the mean competition/cooperation strength of SGBs assigned to that phylum. To elucidate the input and
output compounds of SGBs, contructed metabolic models were converted into directed graphs using the the R package xml2
v1.3.6.% The reactants and products for exchange and sink reactions were subsequently identified from these graphs. Finally,
the input and output compounds for the SGBs were defined as the identified reactants and products, excluding inorganic com-
pounds (e.g., water, nitrogen, and oxygen) which are assumed to be consistently present in the external gut environment.?’

We generated random communities for the phyla that exhibited highest number of SGBs in our datasets (Figure S4D). In detail, for a
random community of size n, we initially randomly selected SGBs within a given phyla with numbers (size = k) not exceeding n. Sub-
sequently, we randomly selected additional SGBs (size = n - k) from the remaining SGBs assigned to other phyla. The MRO and MIP
scores of the simulated communities then were calculated using the global mode of SMETANA v1.0.5°

Amplicon data recruitment and processing
The EMP data, including the community composition, representative sequences, and sample types were recruited from a previous
study.®® To investigate the potential associations between gut microbial metabolic interactions and host health, we downloaded am-
plicon dataset (ERP016286, https://qgiita.ucsd.edu/study/description/1453) from a previously published study investigating the gut
microbiota differences between healthy and unhealthy NHPs.*® All the downloaded 16S rRNA gene sequences were processed us-
ing Quantitative Insights into Microbial Ecology (QIIME2 v 2024.2.0) defaults and classified into ASVs using the deblur workflow.®"9
Samples were rarefied at 10,000 sequences per sample to remove those with lower sequencing depth and normalize read counts
across samples.

To assign the GTDB taxonomy or genomes to the representative 16S rRNA gene sequences from the EMP project or the NHPs
amplicon data, all 113,104 representative genomes were downloaded from GTDB database (release 220). The representative 16S
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rRNA gene sequences were mapped to these genomes using BLAST v2.15.0 (BLASTn) with a 99% identify threshold and 95% align-
ment coverage.®” For the NHPs amplicon data, 16S rRNA gene sequences were mapped to both the GTDB genomes and NPG-MG
genomes. If multiple genomes were found for a ASV sequence, the genome with highest alignment identify and length was
selected.?’

MCMCgimm analysis
We considered species traits, including diet, living environment, gut morphology, location, and phylogeny that might affect the pri-
mate gut microbial metabolic interactions (Tables S1 and S3). We downloaded 100 node-dated phylogenetic trees of the 53 species
from VertLife.org. For the species that were not included in the VertLife database, closest relatives of them were used as alternatives
(Table S1). We then transformed the 100 non-ultrametric trees into ultrametric trees using the ‘chronos’ function in ape package
v5.6-2 in R v4.2.3.%%%% We also computed the maximum clade credibility tree from the 100 ultrametric trees for graphical view using
the ‘maxCladeCred’ function in R package phangorn v2.11.1.8%8°

To control the effect of phylogeny, we conducted phylogenetic comparative analyses using the R package MCMCgimm v2.35 with
the fixed effects included the diet, habitat, and distance from the equator.®® Both species and country were included as random ef-
fects. We standardized all numeric variables with the ‘decostand’ function in R package vegan v2.6-4.°” We used a Gaussian dis-
tribution with a parameter expanded prior R = list(V = 1, nu = 0.002), G = list(G1 = G2 = list[V = 1, nu = 1, alpha.mu = 0, alpha.V =
1000]).°” We ran all models with the 100 ultrametric trees for 160,000 iterations and with a burn-in of 10,000 iterations and a thinning
interval of 30. Convergence was assessed with Gelman-Rubin diagnostics, confirming high estimated sample sizes, and visualization
of scale reduction factor. We then estimated the posterior probability of the phylogenetic signal for MCMCglmm models by dividing
the phylogenetic variance component by the variance components.®®

Statistical analyses

All statistical analyses were performed with various packages within the statistical program R v4.2.3.%° These analyses include cor-
relation estimation (Hmisc v4.2-0),% significance comparison and correction (stats v4.2.3),%° random forest model construction (ran-
domPForest v4.7-1.1),°° and data visualization (ggplot2 v3.5.1).°" Relationships between different factors across samples were inves-
tigated by Pearson’s correlation analyses using ‘rcorr’ function in Hmisc v4.2-0.%% Comparison of the values between different groups
was performed using ‘pairwise.wilcox.test’ function (multiple-group comparison) or ‘wilcox.test’ function (two-group comparison)
(stats v4.2.3).%° The p values were adjusted by multiple testing corrections using the Benjamini and Hochberg false discovery rate
(FDR) controlling procedure (stats v4.2.3).° An FDR-corrected p < 0.05 was considered statistically significant for comparing.
The random forest with leave-one-out cross-validation was performed using ‘randomForest’ function based on the presence-
absence matrix of key microbiota to conduct classification analysis.?® All results were visualized with boxplots, line plots, bar plots,
or heatmaps plotted with the ‘ggplot2’ function in ggplot2 v3.5.1.%"

QUANTIFICATION AND STATISTICAL ANALYSIS

For the metagenomic analyses, the gut microbial richness and abundance were calculated by mapping the 3,867 redundant SGBs to
the raw metagenomes using CoverM v0.7.0 (Figure 1).”® The dominant (relative abundance >0.1%) SGBs in each sample were used
to assess the MRO and MIP scores using the global mode of SMETANA v1.0 (Figure 2).>" MCMCglmm analysis was performed to
examine the impact of different factors on the gut microbial metabolic interactions (Figure 2). For the statistical analyses (Figures 2, 3,
4, and 5), unless otherwise stated, comparison of the values between different groups was performed using ‘pairwise.wilcox.test’
function (multiple-group comparison) or ‘wilcox.test’ function (two-group comparison) (stats v4.2.3).%9 Other details on statistical
analysis can be found in Figure legends.
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