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ABSTRACT

Background Accumulating evidence has indicated

the role of gut microbiota in remodeling host immune
signatures, but various interplays underlying colorectal
cancers (CRC) with deficient DNA mismatch repair (AMMR)
and proficient DNA mismatch repair (\MMR) remain
poorly understood. This study aims to decipher the gut
microbiome-host immune interactions between dMMR and
pMMR CRC.

Method We performed metagenomic sequencing and
metabolomic analysis of fecal samples from a cohort
encompassing 455 participants, including 21 dMMR CRC,
207 pMMR CRC, and 227 healthy controls. Among them,
50 tumor samples collected from 5 dMMR CRC and 45
pMMR CRC were conducted bulk RNA sequencing.
Results Pronounced microbiota and metabolic
heterogeneity were identified with 211 dMMR-enriched
species, such as Fusobacterium nucleatum and
Akkermansia muciniphila, 2 dAMMR-depleted species, such
as Flavonifractor plautii, 13 dMMR-enriched metabolites,
such as retinoic acid, and 77 dMMR-depleted metabolites,
such as lactic acid, succinic acid, and 2,3-dihydroxyvaleric
acid. F. plautii was enriched in pMMR CRC and it was
positively associated with fatty acid degradation, which
might account for the accumulation of dMMR-depleted
metabolites classified as short chain organic acid (lactic
acid, succinic acid, and 2,3-dihydroxyvaleric acid)

in pMMR CRC. The microbial-metabolic association
analysis revealed the characterization of pMMR CRC as
the accumulation of lactate induced by the depletion of
specific gut microbiota which was negatively associated
with antitumor immune, whereas the nucleotide
metabolism and peptide degradation mediated by dMMR-
enriched species characterized dMMR CRC. MMR-specific
metabolic landscapes were related to distinctive immune
features, such as CD8* T cells, dendritic cells and M2-like
macrophages.

Conclusions Our mutiomics results delineate a
heterogeneous landscape of microbiome-host immune
interactions within dMMR and pMMR CRC from aspects
of bacterial communities, metabolic features, and
correlation with immunocyte compartment, which infers
the underlying mechanism of heterogeneous immune
responses.

WHAT IS ALREADY KNOWN ON THIS TOPIC

= Gut microbiota regulates the host immune and im-
pacts the response to immunotherapy.

= The gut microbial-metabolic interplay and microbial-
host immune interactions between proficient DNA
mismatch repair (PMMR) and deficient DNA mis-
match repair (AMMR) colorectal cancer (CRC) have
not yet been studied.

WHAT THIS STUDY ADDS

= Anincreased alpha diversity and enriched microbial
communities were identified in dMMR CRC com-
pared with pMMR CRC.

= In dMMR CRC, activated nucleotide metabolism and
peptide degradation were correlated with dMMR-
enriched species, such as Akkermansia muciniphila.

= In pMMR CRC, the depletion of gut microbiota con-
tributed to the accumulation of short chain organ-
ic acids, including lactic acid and propanoic acid,
therefore leading to an immunosuppressive tumor
microenvironment.

= Identifying distinctive gut microbiome-host immune
interactions provides insight into the response
of immunotherapy from the perspective of the
microbiome.

HOW THIS STUDY MIGHT AFFECT RESEARCH,
PRACTICE OR POLICY

= Targeting gut microbiota may be a promising inter-
vention to improve the immunotherapeutic efficacy
for CRC, especially pMMR CRC.

INTRODUCTION

Colorectal cancer (CRC) is a highly hetero-
geneous disease with escalating incidence
and mortality globally followed in the step
of westernization." As central hallmarks of
cancer development, genetic instability
and mutability serially fuel the malignant
behavior in most CRC carcinogenesis.”
DNA mismatch repair (MMR) deficiency
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(dMMR), mainly defined by particular mutations within
short tandem repetitive DNA sequences and evaluated
by the molecular fingerprint of microsatellite insta-
bility (MSI), is observed in approximately 10%-15%
of CRCs.” The MMR deficiency derives from func-
tional germline mutations in MMR-related genes such
as MLHI1, MSH2, MSH6, PMSI, and EPCAM, leading
to a highly heritable Lynch syndrome®* or results from
epigenetic abnormality including 5' cytosine-phosphate-
guanine-3' (CpG) island methylator phenotype and
pathogenic BRAF mutations, which is more commonly
seen in sporadic CRC.” Molecular and immunological
features of dAMMR CRC have been elucidated by prelim-
inary epidemiologic, mechanistic and clinical studies.
Compared with MSI-low/proficient DNA mismatch
repair (pMMR), dMMR CRC is characterized by an
increased mutational burden with abundant neoanti-
gens, ensuring a more robust immune response.®” Clin-
ically, dAMMR CRC is predisposed to a better prognosis
in early-stage patients with a lower incidence of distant
metastasis® and being less sensitive to adjuvant chemo-
therapy but more responsive to immune checkpoint
inhibitor (ICI) therapy.”"

As the most prominent commensal resident in the
human ecosystem, enteric microorganisms along with
metabolites play an intriguing role with multilayer cross-
talk in carcinogenesis, immunosurveillance, and tumor
microenvironment.'*"® Some studies have provided
an initial demonstration of the intimate association
between influential bacterium with specific MSI status.
For example, Fusobacterium nucleatum has a higher rela-
tive abundance in MSI-high (MSI-H) CRCs and is nega-
tively correlated with tumor-infiltrating lymphocytes.' In
patients with head and neck squamous cell carcinoma, F
nucleatum induced epigenetic alteration via suppressing
MMR-related gene expression.”’ Emerging evidence
emphatically points to the significance of gut microbiota
and its metabolite in influencing and predicting the clin-
ical benefit of cancer therapy.” ** Association between
gut microbiota composition and therapeutic efficacy
of immunotherapy in preclinical models and human
cohorts of non-small-cell lung cancer, melanoma, and
other tumors treated with ICI therapy highlights their
potential of being novel predictive biomarkers and thera-
peutic targets.”**’ Bacteroidales has shown immunostim-
ulatory effects of augmenting anti-cytotoxic T-lymphocyte
associated protein 4 (CTLA-4) therapeutic efficacy and is
associated with immune-related adverse event.”” A recent
study suggested that fecal Akkermansia muciniphila was
found to be closely associated with the clinical benefit of
ICI therapy in patients with non-small-cell lung cancer.?®
In addition, a favorable enteric microbiotype of Lach-
nospiraceae and Actinobacteria in patients with mela-
noma treated with anti-programmed cell death protein
1 (PD-1) is shown to exhibit better clinical outcome.?’
More importantly, fecal microbiota transplantation
(FMT) from patients responsive to ICI makes the first
appearance to foster a protective immune signature and

reverse anti-PD-1 non-responsiveness by reprogramming
the tumor microenvironment.***"*

Metagenomics and metabolomic analysis make it
possible to decode gut microbial communities, define
the unique composition and infer the complex interplay
among microbiota, metabolites and CRC in the context of
various risk factors and clinical phenotype.” ** However,
these studies did not incorporate particular genetic
subtypes such as MMR status. Thus, more delicate features
or multilayer crosstalk of fecal microbial load and metab-
olites abundance in microsatellite stability-specific CRCs
remain cloaked in mystery. High-quality observation with
large-scale sample analysis and omics-based profiling
of particular cohorts is sorely needed to delineate and
stratify the dMMR and pMMR CRC population from the
perspective of microbiota.

In this study, we devise a cohort of 455 samples of care-
fully curated dMMR and pMMR patients and carry out
comprehensive multi-omics analyses with metagenomic
sequencing and metabolomic analysis of fecal samples
and bulk RNA sequencing of tumor tissues. We interro-
gate the heterogeneity of microbial communities along
with metabolites and identify the host-microbial interplay
underlying dMMR and pMMR CRC. Depicting the MMR-
specific landscape of microbial communities in patients
with CRC would aid a more nuanced understanding of
microbiome-host immune interactions and provide a
fundamental basis for future improvement of ICI therapy.

RESULTS

Participant information

A total of 455 fecal samples and 50 tumor tissue samples
were included in the study (figure 1A). The dMMR group
and pMMR group were similar in clinical characteristics,
including age, gender, body mass index (BMI), differ-
entiation, tumor node metastasis (TNM) stage, KRAS/
NRAS/BRAF mutation, and CA199, whereas tumor size,
differentiation, the rate of nerve invasion and vascular
invasion, and carcinoembryonic antigen (CEA) were
significantly different between dMMR and pMMR CRC.
Detailed demographic, clinical, and biochemical profiles
of the cohort were provided in online supplemental table
S1.

Decreased alpha diversity in pMMR CRC and altered overall
microbial composition in dAMMR and pMMR CRC

Fecal alpha diversity estimated by the Shannon Index was
significantly decreased in pMMR CRC compared with
healthy control (CTRL) or dMMR CRC (p=0.00081and
0.048, respectively, Student’s t-test). Interestingly, the
alpha diversity was similar between CTRL and dMMR
(figure 1B). Principal coordinates analysis (PCoA) demon-
strating beta diversity calculated by Bray-Curtis distance
showed a significantly diverse distribution of fecal bacteria
between dMMR and CTRL and between pMMR and CTRL
(p=0.038and p=0.0005, respectively, pairwise adonis test,
figure 1C), while no significant differences between dMMR
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Figure 1 Study design and bacterial diversity of the fecal microbiota associated with mismatch repair status. (A) Study design
and flow diagram. A total of 455 comprising 228 CRC and 227 CTRL were included in the study. The fecal metagenome was
analyzed from 21 dMMR CRC, 207 pMMR CRC, and 227 CTRL. The fecal metabolome was analyzed from 14 dMMR CRC,
177 pMMR CRC, and 227 CTRL. Bulk RNA sequencing of tumor tissue samples was analyzed from 5 dMMR CRC and 45
pMMR CRC. (B) Alpha diversity measured by the Shannon Index of patients with CRC and health control in different groups.
The p value (Student’s t-test) is calculated and shown in the figure. Data are delivered via the IQRs with the median as a black
horizontal line and the whiskers extending up to the most extreme points within 1.5x thelQR. (C-D) PCoA of microbiota at the
genus level (C) and metabolites (D) calculated by Bray-Curtis distance between dMMR, pMMR, and CTRL. The p values are
calculated by the pairwise adonis test and adjusted by Bonferroni correction and shown in the figure. CRC, colorectal cancer;
CTRL, control; dMMR, deficient DNA mismatch repair; PCoA, principal coordinates analysis; pMMR, proficient DNA mismatch
repair; RNA-seq, RNA sequencing.

Taxonomic signatures reveal heterogeneity of microbiota in
dMMR and pMMR CRC

and pMMR (p=0.6582, pairwise adonis test). Similar results
were seen in the PCoA of metabolites (figure 1D). Our

data suggested that AMMR CRC possessed a higher alpha
diversity but shared similar beta diversity when compared
with pMMR CRC, indicating the potential function of
microbiota affecting the host in an MMR-specific manner.

To better discern the dissimilarities of the microbial
community, we first checked the microbial proportion
at the phylum level in CTRL, dMMR CRC, and pMMR
CRC (figure 2A). Next, we identified a total of 213
differentially abundant species between dMMR and
PMMR CRC in each phylum, with 211 species enriched
in dMMR CRC and 2 species depleted in dMMR CRC
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Figure 2 Taxonomic microbial signatures of dIMMR CRC and pMMR CRC. (A) Pie charts of microbial proportions at the phylum
level in CTRL, pMMR, and dMMR CRC. (B) Bar chart of the number of dMMR enriched and depleted species in each phylum,
including Bacteroidetes, Firmicutes, Proteobacteria, Actinobacteria, Fusobacteria, and Others. (C) Two hundred and thirteen
differentially abundant bacteria species between dMMR and pMMR CRC are shown in the phylogenetic tree, grouped in the
phyla Proteobacteria, Bacteroidetes, Firmicutes, Actinobacteria, and Fusobacteria. The innermost circle shows species log10
relative abundances averaged over all samples. In the outer rings, species are marked for significant (p<0.05; multivariable
regression model with age, sex, and BMI as covariates) elevation (red) or depletion (blue). (D) Box plots show the log2 relative
abundance of 14 species marked by arrows in (A). Data are delivered via the IQRs, with the median as a black horizontal line
and the whiskers extending up to the most extreme points within 1.5x the IQR. (E) Co-occurrence relationships among species
in dMMR CRC, pMMR CRC, and CTRL calculated by Spearman’s correlation. Only significant (p<0.05) correlations are shown.
The red lines indicate positive species interactions; the blue lines indicate negative interactions. The colors of the species
represent the phylum. CRC, colorectal cancer; CTRL, control; dMMR, deficient DNA mismatch repair; pMMR, proficient DNA
mismatch repair; BMI, body mass index.
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(figure 2B). A phylogenic tree of the differentially
abundant species between dMMR and pMMR CRC was
drawn (figure 2C, online supplemental table S2). The
top 30 abundant differential species of 455 experimental
subjects were then calculated, showing a more predom-
inant distribution of dMMR-enriched species (online
supplemental figure S1). Among them, 14 differential
species were notably selected, including dMMR-enriched
A. mucimiphila, F nucleatum, Odoribacter splanchnicus,
Prevotella intermedia and pMMR-enriched Favonifractor
plautii (figure 2D). The probiotic A. muciniphila and the
tumorigenic bacteria I nucleatum have been reported to
modulate tumor immune microenvironment through
different mechanisms and manifest the potential to
improve programmed cell death ligand 1 (PD-L1) inhib-
itor efficacy.”>™® F plautii, a flavonoid degrading bacteria,
is reported to be enriched in early-onset CRC and present
the suppressive immune responses of Th2.” To assess the
possible microbial associations, interaction networks of
the 14 selected microbial species were drawn and signifi-
cant correlation with p<0.05 were displayed within CTRL,
pPMMR CRC, and dMMR CRG, respectively (figure 2). In
the CTRL group, the pMMR-enriched bacteria I plautiii
was negatively correlated with Bacteroidetes, including P.
intermedia, Prevotella enoeca, Muribaculum intestinale, and
Porphyromonas cangingivalis, while the correlations with
F plautii diminished in the pMMR and dMMR CRC. In
PMMR CRC, the dMMR-enriched bacteria O. splanchnicus
was positively correlated with Barnesiella viscericola, M. intes-
tinale, Anaerotignum propionicum, Gordonibacter pamelaeae,
Bacillus velezensis, and P. cangingivalis, whereas the correla-
tions vanished in dMMR CRC. These findings revealed
distinct composition and interactions of gut microbiota
in dMMR and pMMR CRC, which may be associated with
differences in tumor clinicopathological characteristics
and ICI responses.

Fecal metabolomic alterations in dMMR and pMMR CRC

To investigate how gut microbiota affects metabolism
in dMMR and pMMR CRC, the non-targeted metabolo-
mics was carried out on fecal samples (14 dMMR, 177
pPMMR, and 227 CTRL). A total of 90 differential metab-
olites, including 13 metabolites enriched and 77 metab-
olites depleted in dMMR CRC, was shown in figure 3A
and online supplemental table S3. A broad overview of
differential metabolomic expression levels categorized
by the compound superclass was shown in online supple-
mental figure S2. The metabolites enrichment overview
based on the Kyoto Encyclopedia of Genes and Genomes
(KEGG) database showed significantly enriched meta-
bolic pathways, including purine metabolism, pyrimidine
metabolism, starch and sucrose metabolism, sphingolipid
metabolism, and propanoate metabolism (figure 3B).
Specifically, metabolites involved in propanoate metab-
olism, including propionic acid and lactic acid, as well
as other short chain organic acids, such as succinic acid
(succinate) and 2,3-dihydroxyvaleric acid, were decreased
in dMMR CRC (figure 3C). Lactate and succinate as key

metabolites involved in glycolysis and tricarboxylic acid
cycle modulating non-metabolic immune responses
may impact antitumor responses to immunotherapy
via different pathways in distinct subgroups of immune
cells.”®* Organic acids and diverse peptides had immu-
nomodulation properties and exerted biological activity
in the immune cell signaling pathway. Among the total
25 organic acids and derivatives, amino acid D-alanine,
dipeptides such as glutamylvaline and Phe-Val, and poly-
peptides such as Arg-Pro-Pro and Arg-Glu-Asp-Val were
depleted in dMMR CRC, whereas only hydroxyprolyl-
proline was enriched in dMMR CRC, reflecting the
attenuated proteolysis activity and possible inflammatory
(figure 3C).

Lipids and long-chain fatty acids (LCFAs) also presented
diverse alteration in fecal metabolites, comprising dMMR-
enriched retinoic acid (RA), dMMR-depleted LCFAs,
including trans-vaccenic acid, 9,10-epoxyoctadecenoic
acid, and xi-10-hydroxyoctadecanoic acid (figure 3C).
The function of lipids and long-chain fatty acids in the
microbiota-host immune landscape required in-depth
research. The dMMR-enriched D-alpha-tocopherol succi-
nate, the most effective analog of vitamin E, presented
multiple biological functions, including chemopreven-
tative and anticancer activity." To explore the role of
microbiota in the metabolic process, we performed a
Spearman’s correlation of differential microbiota and
metabolites (figure 3D). Notably, the dMMR-enriched
RA was mainly correlated with B. velezensis while the
dMMR-depleted lactate was negatively correlated with
most differential species. Moreover, the dMMR-enriched
FE nucleatum presented positive associations with carbox-
ylic acid, including succinic acid and propionic acid. On
the contrary, the pMMR-enriched F plautii was negatively
correlated with most of the differential metabolites. The
above results suggested that fecal metabolic composition
was heterogeneous between dMMR and pMMR CRC,
which might alter the bioavailability of metabolites and
reconstruct tumor microenvironment. We speculated
that metabolic factors might well play a requisite role in
microbiota affecting host immunometabolism and anti-
tumor immune response.

The alteration of microbial KEGG Orthology genes and KEGG
pathway from dMMR and pMMR CRC

To further interrogate the metabolic programs of micro-
biota in dMMR and pMMR CRC, we compared the micro-
bial genes annotated from the KEGG Orthology (KO)
database, categorized by KEGG metabolic pathways. A
total of 111 differential KO genes, comprising 85 upregu-
lated genes and 26 downregulated genes in dMMR CRC,
were summarized in figure 4A and online supplemental
table S4. Most differential genes related to energy metab-
olism, nucleotide metabolism, glycan biosynthesis and
metabolism, and metabolic cofactors and vitamins were
upregulated, while genes involved in lipid metabolism,
such as fatty acid degradation and glycerophospholipid
metabolism, were downregulated. Furthermore, we dived
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Figure 3 Fecal metabolome changes between dMMR and pMMR CRC. (A) Volcano plot of differential metabolites between
dMMR and pMMR CRC (p value<0.05and absolute log2 fold change > 0.3; multivariable regression model with age, sex, and
BMI as covariates). (B) Bar plot shows the over-representation analysis of differential metabolites based on the metabolites
set from the KEGG database. Significantly enriched metabolism pathways are annotated with asterisks (p value<0.05). (C) Box
plots show the log2 abundance of metabolites. Data are delivered via the IQRs, with the median as a black horizontal line and
the whiskers extending up to the most extreme points within 1.5x thelQR. (D) A heatmap of Spearman’s correlation between
differential species and metabolites. *p<0.05; **p<0.01; **p<0.001. CRC, colorectal cancer; CTRL, control; dMMR, deficient
DNA mismatch repair; pMMR, proficient DNA mismatch repair; BMI, body mass index; KEGG, Kyoto Encyclopedia of Genes
and Genomes; TCA, tricarboxylic acid.
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Figure 4 The mismatch repair status-associated microbial genes are categorized into KO genes and KEGG pathways. (A) The
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and intensity represent the relative abundance of KO genes. The first row of cells annotated the KEGG pathways, including
carbohydrate metabolism, energy metabolism, lipid metabolism, nucleotide metabolism, amino acid metabolism, metabolism of
other amino acids, glycan biosynthesis and metabolism, and metabolism of cofactors and vitamins. The split cells are annotated
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Genomes; TCA, tricarboxylic acid.

deeply into the specific metabolic pathways of the differ-
ential genes. Interestingly, four KO genes involved in the
propanoate metabolism, including pduC, pduD, and pdulk,
constructing the subunit of propanediol dehydratase,

and pdu@ (1-propanol dehydrogenase), were significantly
depleted in dMMR CRC, which might reduce the produc-
tion of propanal and propanol, therefore contributing to
the depletion of propanoic acid as demonstrated in the
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above metabolomic data. In the nucleotide metabolism
pathway, genes participating in the purine metabolism
and pyrimidine metabolism (nrdD, dgk, dck, pyrk, upp,
pyrR, and pydC) were significantly enriched in dMMR
CRC, indicating a reinforced conversion of nucleotides,
which was concordant with the depletion of nucleotide,
purine, and pyrimidine in dMMR CRC including uridine,
deoxyinosine, deoxyguanosine, thymine, hypoxanthine,
guanine, and uracil (online supplemental figure S2).
Next, we conducted the Spearman’s correlation analysis
to further investigate the association between differential
microbiota and the KO genes (figure 4B). The species
under phylum Bacteroidetes, including P. enoeca, P. inter-
media, P. cangingivalis, O. splanchnicus, M. intestinale, B.
viscericola, showed similar patterns of correlations with
KO genes, indicating their identical metabolic func-
tion in CRC. The positive correlation between dMMR-
enriched species and purine and pyrimidine metabolism
that augmented in dMMR CRC suggested the potential
disturbance in nucleotide metabolism of gut microbiota
affected by the host MMR status. Consistent with metabo-
lomic analysis, these identified differential KO genes may
bridge the alteration in metabolic processes catalyzed or
affected by gut microbiota in dAMMR CRC and pMMR
CRC.

Microbiota-driven metabolic reprogramming in dMMR CRC
and pMMR CRC

To further interpret the microbial-metabolic inter-
play in CRC with different MMR status, we conducted
Spearman’s correlation analysis among differential
species, metabolites, and KO genes and identified 462,
456, and 195 links in CTRL, dMMR CRC, and pMMR
CRC, respectively (correlation coefficients >0.2and
p<0.05) (figure bA-C; online supplemental table S5). A.
muciniphila was positively correlated with K00282 (gcvPA)
and K00283 (gcuPB), encoding the glycine dehydrogenase

£ ?‘t"'
y ?
TEFTW

subunit 1 and 2, respectively, and K19244 (ala) encoding
the alanine dehydrogenase in CTRL and pMMR CRC,
suggesting its potential influence in amino acid degrada-
tion. Of note, the dMMR-depleted species F. plautiii was
positively correlated with KO gene K00632 (fadA), while
other dMMR-enriched species were negatively correlated
with fadA. FadA encodes the key enzyme acetyl-CoA acyl-
transferase participating in beta-oxidation that affects
alpha-linolenic acid metabolism, fatty acid degrada-
tion and valine, leucine and isoleucine degradation.
Short chain hydroxy fatty acids, such as lactic acid and
2,3-dihydroxyvaleric acid, were negatively correlated with
the dMMR-enriched species O. splanchnicus, Collinsella
aerofaciens, B. wviscericola, P. intermedia, M. intestinale, P.
enoeca, and P. cangingivalis in CTRL and pMMR CRC,
suggesting they might be the potential consumer of these
acids and the depletion of these species contribute to the
accumulation of these dMMR-depleted acids. Overall,
more differential metabolites with a higher propor-
tion of dipeptide and polypeptide were observed in the
microbial-metabolic interplay in dMMR CRC, indicating
the diverse metabolic process in dMMR CRC. Our results
profiled distinctive microbial-metabolic interaction
within dMMR and pMMR CRC, which may improve our
knowledge of the role of gut microbiota with regard to
MMR status in patients with CRC.

Microbial-metabolic-host immune interplay revealed by
integrative multiomics signatures of dMMR CRC and pMMR
CRC

Given the fact that dAMMR CRC responds to ICI therapy
with a frequent and durable effect other than pMMR
CRC and gut microbial implication in systemic and local
immunity, we raised the core question of how gut micro-
biota specifically remodel immune response.”* * Bulk
RNA sequencing of the tumor samples from 5 dMMR
CRC and 45 pMMR CRC was conducted and analyzed

Figure 5 Microbial-metabolic remodeling in CTRL, pMMR CRC, and dMMR CRC. (A-C) The chord diagram among species,
KO genes, and metabolites in CTRL (A), pPMMR CRC (B), and dMMR CRC (C). Only significant (p<0.05, Spearman’s correlation)
correlations are shown. The colors of nodes indicate the group of features. The colors of each grid showed the feature groups
(red, species; blue, metabolites; orange, KO genes). The colors of the lines indicate the type of correlation (red, positive
interactions; blue, negative interactions). CRC, colorectal cancer; CTRL, control; dMMR, deficient DNA mismatch repair; pMMR,
proficient DNA mismatch repair; KEGG, Kyoto Encyclopedia of Genes and Genomes Orthology; KO, KEGG Orthology.
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to depict transcriptomic signatures. A total of 374 differ-
ential expressed genes (p value corrected by Bonferroni
<0.05and log?2 fold change (log2FC) >1.5 were observed,
with 94 upregulated and 280 downregulated in dMMR
CRC (online supplemental figure S3A and table S6). Next,
we used CIBERSORTx to determine the immune land-
scape and identified differential immune cells composi-
tion. There was a higher proportion of M1 macrophages
compartmentin dMMR versus pMMR tumors. Among the
component enriched in pMMR tumors were B cells naive,
B cells memory, plasma cells, natural killer (NK) cells
activated, and dendritic cell (DC) resting (online supple-
mental figure S3B; Student’s t-test, p<0.()5).44 Then, we
conducted Spearman’s correlation analysis between
differential species and genes, and between differential
species and immune cells in dMMR CRC and pMMR
CRC. A total of 36 and 72 links were shown in pMMR
and dMMR, respectively (p<0.05, figure 6A,B). As known,
dMMR tumors are characterized by a large number of
neoantigens and thus enhanced immunogenicity, which
is tightly associated with immune infiltration in tumor
microenvironment and the solid foundation of success
in immunotherapy.”” In consequence, the probability of
microbial species interacting with local immune compart-
ments is dramatically increased and potentially contrib-
uted to greater correlation links within dMMR CRC.
In pMMR CRC, F plautii was negatively correlated with
monocytes and positively correlated with macrophages
M2, MIR31HG, and LYGI. Among T-cell subgroups, T
cells CD4 memory activated was positively correlated

with I nucleatum, A. propionicum, and Desulfovibrio desul-
Jfuricans, while T cells CD4 memory resting was negatively
correlated with P. enoeca, P. cangingivalis, O. splanchnicus,
B. viscericola. In dMMR CRC, F nucleatum was positively
correlated with DC activated, and negatively correlated
with macrophages MI1. P. intermedia was negatively
correlated with macrophages MO and M1, and positively
correlated with T cells CD4 memory resting and neutro-
phils, presenting diverse multicellular interactions. NK
cells resting and DC activated positively correlated with A.
muciniphila, O. splanchnicus, G. pamelaeae. The microbial-
metabolic-host immune interplay showed a negative
correlation between pMMR-enriched propionic acid and
T cells CD8, which might explain the poor response to
immunotherapy in pMMR CRC (online supplemental
figure S4A). The pMMR-enriched KO genes, including
K01699, K13919 and K13920 encoding pduC, pduD, pduk,
respectively, and comprising the subunit of propanediol
dehydratase participating involved in propanoate metab-
olism, presented a negative correlation with monocytes
and a positive correlation with macrophages M2, indi-
cating the role of gut microbiota in monocyte differen-
tiation toward macrophages M2 (online supplemental
figure S4B). Collectively, our analyses identified differ-
ential genes potentially regulated by gut microbiota and
revealed the interactions between microbes and host
immune cells infiltration in tumor microenvironment in
dMMR and pMMR CRC, which may impact the immune
response to ICI therapy. Targeting gut microbiota, such
as oral supplementation of dMMR-enriched species
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and FMT, is a promising adjuvant strategy to improve
immunotherapy.

DISCUSSION

Our study combined metagenomic sequencing and
metabolomic analysis of fecal samples with bulk RNA
sequencing of tumor samples from dMMR CRC and
PMMR CRC, revealing the 211 dMMR-enriched species,
such as F nucleatum, A. muciniphila, and O. splanchnicus,
and only 2 dMMR-depleted species, such as I plautii,
dMMR-enriched metabolites RA and dMMR-depleted
metabolites lactic acid and 2,3-dihydroxyvaleric acid. We
further gained resolution on the microbial-metabolic
interplay in dMMR CRC and pMMR CRC and speculated
that the accumulation of lactic acid induced by the deple-
tion of gut microbiota characterized the pMMR CRC,
whereas the activated nucleotide metabolism and peptide
degradation mediated by dMMR-enriched species charac-
terized the dMMR CRC. We also analyzed the microbial-
host immune interactions and revealed the association
between species and immunocytes in the tumor micro-
environment, which might account for the differences
in the immune response to ICI therapy mediated by gut
microbiota.

Our results showed that gut microbiota in dMMR CRC
had a higher alpha diversity than pMMR CRC, and the
differential species were mostly enriched in dMMR CRC.
Considering that the impact of antibiotics on the deple-
tion of gut microbiota contributed to the poor response
to immunotherapy, the enrichment of microbial species
such as A. muciniphila in dAMMR CRC corroborated the
crucial role of gut microbiota in the effective response
of dMMR patients to immunotherapy.*** These data
indicated that the poor response of pMMR CRC to immu-
notherapy was partly attributed to the depletion of gut
microbiota. FMT is one of the therapeutic approaches to
alter the gut microbiota in patients. A preliminary report
of a phase I clinical trial demonstrated the safety of FMT
to 20 patients with advanced melanoma and its efficacy
of improving immune response to ICI therapy. Another
approach is oral supplementation of dMMR-enriched
species that might be associated with the immune
response, but the mechanism of how these microbes
impact the host immune response has not been fully
interpreted yet. Therefore, combining ICI therapy and
FMT of fecal samples from dMMR CRC to pMMR CRC
might be a promising approach to treat pMMR CRC.

The crosstalk among commensal species and immu-
nocytes reflected the heterogeneity of tumor micro-
environment between dMMR CRC and pMMR CRC.
Basically, dMMR tumors are characterized by accumu-
lation of abnormal proteins and thus higher levels of
neoantigens, enabling a greater recruitment and infil-
tration of immune cells. Additionally, our correlation
analysis of differential gut microbial species revealed
numerous bacteria enriched in dMMR CRC compared
with pMMR CRC. The heightened immunogenicity and

microbial immunomodulatory capacity in dMMR may
provide the foundation for the extensive associations
observed between gut bacteria and immune components.
The elevated immunization threshold in dMMR appears
to foster intricate microbial-immune interplay, whereby
resident microbes may remodel antitumor immunity
through diverse mechanisms influencing various immune
cell subsets and pathways. The dMMR-enriched species I
nucleatum was reported to induce PD-L1 expression and
augment the immune response to ICI therapy via STING
signaling and recruitment of CD8" T cells.** E nucleatum
was reported to exhibit a proinflammatory signature and
recruit tumor infiltrated myeloid cells including conven-
tional DCs, classical myeloid DCs and CD103" regulatory
DCs, partly concordant with our result that I nucleatum
positively correlated with activated DCs in dMMR CRC. E
nucleatum is present in both dMMR and pMMR CRC, yet
exhibits distinct correlations with immune cell subsets.
We postulated several factors that may contribute to
the differential immunomodulation by F nucleatum,
including the divergent mutational landscapes of dMMR
versus pMMR tumors and discrepancies between fecal
microbiota and intratumoral microbiota, where addi-
tional tumor-associated microbial community members
and immune microenvironment may shape the immune
impacts of I nucleatum. Our result also suggested a posi-
tive correlation between A. muciniphila and activated DCs
in dMMR CRC. The probiotic A. muciniphila exhibited
benefits in multiple diseases, including obesity, diabetes,
and improvement of responses to immunotherapy.” A.
muciniphila was also reported to induce the production
of cytokines involved in the immunogenicity of PD-1
blockade from DCs and promote antigen-specific T-cell
responses.”® ** % Although the exact mechanisms of
such species that remodeling immunotherapy efficacy
responses were not amply interpreted, our analyses estab-
lished a hypothetical bridge between the gut microbiota
and tumor microenvironment.

Alterations of the metabolic landscape also make a great
difference to immune cell function and tumor microenvi-
ronment. Increasing evidence has shown that short-chain
fatty acids (SCFAs), including propionic acid and butyric
acid, acted as novel regulators of host homeostasis and
tumor immunity.”' Lactic acid has been shown to exert an
immunosuppressive effect by inducing anti-inflammatory
genes transcription, promoting M2-like tumor-associated
macrophage phenotype® and impairing cytotoxic T-cell
function.” Clinical supplement of propionic acid contrib-
uted to the upregulation of interleukin-10 and suppressive
immunologic function of CD25" Foxp3' regulatory T cells,
indicating the immunomodulatory property of propionic
acid through a metabolite-immune interaction.” Interest-
ingly, our metabolome exactly demonstrated that pMMR
CRC was characterized by a higher level of both propionic
acid and lactic acid, with a negative correlation between
propionic acid and CD8" T cells, which might account
for a relatively immunosuppressive tumor microenviron-
ment in pMMR CRC and the subsequent inefficacy in
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ICI therapy. Besides, lactic acid was negatively correlated
with most dMMR-enriched species, which referred to a
relative depletion of these species in the pMMR group.
The possible underlying connection of specific microor-
ganism might account for the accumulation of lactic acid
in the local tumor niche, which contributes to a relatively
immunosuppressive tumor microenvironment in pMMR
CRC and the subsequent inefficacy in ICI therapy. Apart
from SCFAs and lactic acid, metabolic reprogramming of
LCFAs in cancer cells or immunocytes also plays a pivotal
role in affecting tumor-related inflammatory responses by
means of mediated-immune phenotypes or lipotoxicity.
For instance, the accumulation of specific LCFAs damp-
ened the cytotoxic T cells’ ability to repress tumor progres-
sion.”” RA catalyzed from vitamin A-derivative retinol in
intestinal epithelial cell is considered as a key regulator
of local immunity influenced by gut microbiota, which
is involved in many physiological properties of immune
cells. RA has been found to accumulate in many kinds
of cancers and promotes antitumor immunity in CRC.
Specifically, it elevated the expression of major histocom-
patibility complex I on CRC tumor cells and promoted
a robust CD8" T cells response.”® The supplement of RA
in CRC reduced tumor burden by elevating the cytotoxic
CD8" T cells frequency and promoted PD-L1 blockade
efficacy by recruiting inflammatory macrophages. In addi-
tion, suppression of RA synthesis restored the balance of
T-cell subset ratio and modulated the activity of cytokines
such as interleukin-22.°”* On the contrary, tumor-derived
RA was found to inhibit anti-PD-1 therapy by promoting
intratumoral monocyte differentiation toward immuno-
suppressive macrophages other than DCs.”® Given the
critical influence of RA on intestinal immunity, we spec-
ulated that enriched RA in dMMR CRC have substantial
implication for immunosuppressive tumor microenviron-
ment. The 2,3-dihydroxyvaleric acid belongs to the class
of hydroxy fatty acids. Notably, it is negatively correlated
with most of the dMMR-enriched species based on our
former analysis. However, there is a limited number
of existing research on this metabolite and its role in
immune response. Further research is needed to deter-
mine its precise interaction with microbial species and
underlying mediation in tumor-associated immunologic
function. The heterogeneity of metabolic landscape in
CRC with different MMR status provided clues for variant
immune microenvironment. Since metabolites can be
derived from or modeled by gut microbiota and host cells
under different circumstances, our data preliminarily
threw light on the underlying microbial-host immune
interaction.

This study has some inherent limitations. The small
dMMR CRC cohort constrains the conclusions that
can be drawn. Some patients underwent neoadjuvant
therapy prior to specimen collection, which could poten-
tially confound microbiome and metabolic profiles.
The limited sample size coupled with variability in fecal
sampling timing and neoadjuvant interventions restricts
interpretability and generalizability of the findings.

Several factors may contribute to microbiome composi-
tional differences between our control cohort and those
in other studies. Subject characteristics like ethnicity,
geography, diet, and lifestyle can influence the micro-
biota and often vary between control groups. Addition-
ally, technical factors like sample preservation, DNA
extraction and sequencing platforms used across studies
could impact the analytic results. Moving forward, larger
prospective studies controlling for potential confounders
including medical interventions will be essential to derive
meaningful conclusions. What is more, the analysis
combining metagenome and host transcriptome provides
proof of concept that gut microbiota is associated with
immunocytes in the tumor microenvironment. However,
the fecal metagenomic and metabolomic profiles do not
fully represent the intratumoral microbiota and tumor-
associated metabolism. Also, whether certain metabolites
serve as an intermediate connecting microbiota with
heterogeneous antitumor immunity such as immunocytes
compartment or a pro/anti-inflammatory tumor micro-
environment and the exact mechanism remain unsolved.
The intratumoral microbiome can be identified from the
whole genome, bulk RNA transcriptome, and single-cell
RNA transcriptome sequencing, decoding tumor-specific
microbiome, bacteria-associated gene  expression,
immune activity, and prognosis.”’ ® However, sample
contamination from environmental microorganisms
and experimental operation, and bioinformatic noise
obscure the accurate identification of intratumor species.
The decontaminated bioinformatic pipelines filtered
contaminant species stringently to ensure quality control,
leading to reduced microbial information derived from
the sequencing data, which restricted the study of the
intratumoral microbiome. Recently, new approaches,
such as spatial transcriptomics sequencing and invasion—
adhesion-directed expression sequencing (INVADEseq),
have been developed to visualize the intratumoral micro-
biota and map in situ the host-bacterial interactions.”
Therefore, further experiments focusing on the interac-
tion between microbial species and immunocytes in situ,
are required to corroborate the results from the bioinfor-
matic analysis and confirm the hypothesis.

Altogether, our study identified dMMR and pMMR-
specific gut microbiota and metabolites and provided an
integrative multiomics analysis of the microbial-metabolic
interplay and microbial-host immune interactions. These
analyses paved the road for targeting gut microbiota to
improve the immune response in CRC via species supple-
mentation and FMT.

METHODS

Study subjects and sample collection

A total of 455 fecal samples and 50 CRC tumor tissue
samples were collected from the Fudan University
Shanghai Cancer Center, Shanghai, China, and the
Second Hospital of Shandong University, Shandong,
China, from the year 2018 to 2021. Fecal samples were
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collected before surgery and stored at—80°C before metag-
enomic sequencing and metabolomic analysis. Tumor
tissue samples were collected after surgery and stored at
—-80°C before RNA bulk sequencing. No patients received
treatment with ICIs during the study period or sample
collection. The tumor stage was evaluated based on the
TNM staging system. MMR status was determined by four
major MMR proteins (MLH1, MSH2, MSH6, and PMS2)
via immunohistochemistry staining. The healthy control
group encompassed volunteers with no gastrointestinal
tumors confirmed by colonoscopy screening. Partici-
pants’ clinicopathological characteristics, including age,
gender, BMI, tumor location, tumor size, differentiation,
stage, nerve invasion, vascular invasion, KRAS/NRAS/
BRAF mutation, CEA, CAl99, and patients received
neoadjuvant therapy were collected from the electronic
medical record system. Written informed consent was
provided by all subjects before sampling.

Metagenomic sequencing and data analysis

DNA extraction, library construction, and metagenomic
sequencing were manipulated as previously described.”
The taxonomy profile at the phylum, genus, and species
level and the KO genes profile were selected for further
analysis. MaAsLin2%" was used to identify differential
microbial features (p value<0.05) and evaluate the multi-
variable association between phenotypes (age, gender,
and BMI) and microbial features, including taxonomy
abundance and KO gene profile.

Non-targeted metabolomic sequencing and data analysis
Fecal metabolite extraction and liquid chromatography
tandem mass spectrometry were manipulated as previ-
ously described.” MaAsLin2°* was used to identify differ-
ential metabolites between dMMR CRC and pMMR CRC
(p value<0.05, absolute log2FC > 0.3), with age, gender
and BMI as covariates.

Bulk RNA sequencing and data analysis

RNA was isolated from tumor tissue as described above.
The quality of FASTQ files was assessed using FastQC
V.0.10.1” and RSeQC V.2.6.4.°° Reads were aligned
by HISAT?2 v.2.0.% Principal component analysis was
used to identify outliers, and then differential expres-
sion was performed using R package edgeR.” Genes
with an adjusted p value<0.05and absolute log2FC>1.5
were considered differentially expressed. CIBERSORTx
was used for the immune cell analysis of the bulk RNA
sequencing data, running with the following parameters:
FPKM values of the gene expression, LM22 signature
gene file, 1000 permutations, and quantile normalization
disabled."!

Statistical analyses

Statistical analyses were performed using R V.4.1.2 (R
Foundation for Statistical Computing, Vienna, Austria,
http://www.R-project.org/). Continuous variables were
compared using the two-sided Student’s t-test or Mann-
Whitney U test. Categorical variables were compared

using Pearson’s y” test or Fisher’s exact test. Spearman’s
correlation analysis was performed to analyze the correla-
tion among taxa, metabolites, KO genes, RNA expression,
and immune cells.
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