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Tissue-resident microbiota impacts
colorectal cancer progression and prognosis

Zhun Shi 1,12, Huahui Ren 1,12, Cong Lin 2,3,12 , Fuqiang Li 2,3,12,
Meizhen Wu 1, Fangming Yang1, Tian Luo1, Luís Nunes 4,5, Anders Isaksson5,
Klara Hammarström5, Ting Zhu6, Shida Zhu1, Yiyi Zhong1,7, Ingrid Ljuslinder8,
Mathias Uhlén 9,10, Richard Palmqvist 11, Bengt Glimelius 5, Kui Wu 1 ,
Tobias Sjöblom 5 & Huanzi Zhong 1,7

To deepen the understanding of tissue-resident microbiota in colorectal can-
cer (CRC), we analyzed whole-genome and transcriptome data from 937
patients. We identified 249 genera and 361 species commonly present in both
tumors and adjacent normal tissues (NATs). Distinctmicrobial signatures were
associated with anatomical location, tumor stages, hypermutation status,
mutations in CRC driver and DNA damage repair genes, as well as consensus
molecular subtypes (CMSs). Notably, the presence of the pks island and ele-
vated abundance of Enterobacteriaceae were linked to poor prognosis speci-
fically in CMS2 tumors. Finally, microbial risk scores derived from taxa present
in tumor or NATs predicted patient prognosis independently of established
clinico-molecular factors. Prognostic taxawere strongly associatedwith tumor
transcriptomic pathways related to hypoxia, immune response, andmetabolic
status. These findings revealed the heterogeneity of tissue-residentmicrobiota
and their critical role in CRC progression, highlighting potential avenues for
targeted intervention.

Colorectal cancer (CRC) is the third most prevalent cancer and the
second leading cause of cancer-related mortality worldwide1. How-
ever, its substantial heterogeneity in clinicopathological character-
istics, molecular profiles and prognosis, poses challenges in risk
stratification and treatment optimization. Beyond host factors, the gut
microbiome, exemplified by Fusobacterium nucleatum (Fn), enter-
otoxigenic Bacteroides fragilis (ETBF) and pks+ Escherichia coli (E. coli),
actively participates in CRC carcinogenesis through cellular invasion,
immune modulation, and DNA damage induction2,3.

Despite the technological advances, several challenges persist in
the metagenomics field. Notably, the low microbial biomass of tumor
tissues complicates the removal of putative contaminants and human-
derived sequences, which can profoundly impact taxonomic annota-
tion and downstreamconclusions.Moreover, many prior studies often
lack sufficient sequencing depth, negative controls, or standardized
analysis pipelines, limiting reproducibility and cross-cohort
comparability4,5. Recent reevaluations of tumor microbiota, including
the retractions of earlier studies6–8, have underscored the importance
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of stringent contamination control and analytical frameworks that
prioritize specificity over sensitivity for studying low-biomass samples.

While key carcinogenic bacteria have been identified, a detailed
understanding of the CRC tissue-resident microbiome remains
underexplored, including its anatomical distribution, interactions with
host clinicopathological and genomic features, and its potential
impact on patient prognosis.

Here, we conducted in-depth analyses of whole genome sequen-
cing (WGS) data from 937 patients with CRC from a large prospective
longitudinal study of primary cancers in Sweden9, to unravel the het-
erogeneity of the tissue-resident microbiome in tumors and normal
adjacent tissues (NATs) and assess its prognostic implications.

Results
Identification of tissue-resident microbiota in CRC
We implemented a rigorouspipeline (seeMethods for detail) todetect,
decontaminate, and quantify tissue-resident microbiota using high-
depthWGS (~52× coverage) data from1412 tissues (937 tumors and475
NATs) and 462 blood samples from 937 treatment-naive patients
enrolled in the U-CAN cohort9, including 775 from Uppsala University
Hospital (UU) and 162 fromUmeåUniversity Hospital (UM) (Fig. 1a and
Supplementary Data 1). Briefly, sequencing data were first aligned to
the human genome (GRCh38) using Bowtie2, followed by reclassifi-
cation of remaining reads using Kraken2 against a custom database
including human (GRCh38 and T2T-CHM13v2.0) and microbial

b

a

d e

f g

cUU (WGS)

462 tumors and paired blood samples

U-CAN cohort
(N=937)

Microbial detection

Non-human high-quality reads

(Kraken2 with UHGG catalog)

Removal of putative
contaminants

Removal of taxa with
low-prevalence and

low-coverage

Study cohorts Microbiome identification Association analysis

Tissue-resident taxa
(249 genera, 361 species)

Survival analysis

Correlation analysis

Clinical characteristics

Host genomic alterations

Host gene expressions

Tumor microbiome

NAT microbiome

Host and microbial characteristics

+ ++ +++ +++ ++ +++++++ ++
++++++

+++++++
++++

+
+++

++ ++

Tissue (n=1088) BloodUU (WGS)UU (WGS)

NAT Tumor

Normal adjacent tissues
(NATs)

Tumor tissues

Blood

NATs

Tumor tissues

Discovery cohort: UU (N=775)

Internal validation cohort: UM (N=162)

External validation cohort: AC-ICAM (N=246)

WGS

WGS N=313
N=95

N=775
N=775

N=462

WTS

WGS
WTS

N=162
N=8

WGS
WTS

N=162
N=162

WGS
WTS

N=167WGS
N=24616S

N=24616SNATs

Tumor tissues

Average of Kraken2−mapped readsn=462n=775n=313n=462n=775n=313

Av
er

ag
e 

of
 g

en
om

e 
co

ve
ra

ge
of

 ti
ss

ue
-re

si
de

nt
 s

pe
ci

es

Av
er

ag
e 

of
 g

en
om

e 
co

ve
ra

ge
of

 ti
ss

ue
-re

si
de

nt
 s

pe
ci

es

Av
er

ag
e 

of
 g

en
om

e 
co

ve
ra

ge
(ti

ss
ue

-re
si

de
nt

 s
pe

ci
es

)

Tumor Blood
n=462 n=462

Kr
ak

en
2−

m
ap

pe
d

pr
ok

ar
yo

tic
 re

ad
s

Kr
ak

en
2−

m
ap

pe
d

pr
ok

ar
yo

tic
 re

ad
s

In
pu

t n
on

-h
um

an
 re

ad
s

R
ea

ds
 a

nn
ot

at
ed

 to
 ti

ss
ue

-re
si

de
nt

 ta
xa

n=775 n=162 n=167 n=775 n=162 n=167

5-year follow-up

lavivrusllarev
O

103

103

106

109

106

109

103

106

109

UU UM

AC−ICAM

7 9

13

10

6 4
27

UU UM AC−ICAM

0.17

0.84
0.20

R
ea

ds
 a

nn
ot

at
ed

 to
 ti

ss
ue

-re
si

de
nt

 ta
xa

Blood
UU (WGS)

Tumor

84.19%

74.08%

21.34%

3.99%

10.59%

4.76%

Contaminants
64.92%

N
on

-
C

on
ta

m
in

an
ts

35.08%

Contaminants
4.78%

Non-Contaminants
95.22%

0.20

0.17
1.00

UU UM AC−ICAM

103

106

109

n=775 n=162 n=167

103

106

109

n=775 n=162 n=167

9.15×10-³³

Phylum
Proteobacteria

Firmicutes

Actinobacteriota

Bacteroidota

Others

 3.82×10-9

1.39×10-119

1.63×10-119

0.0

0.1

0.2

0.3

0.4

NAT Tumor Blood

0.14

NAT Tumor Blood

5.25×10-103

2.09×10-168

s__Alloprevotella tannerae

s__Bacteroides dorei

s__Bacteroides fragilis

s__Bacteroides uniformis
s__Escherichia coli

s__Faecalibacterium prausnitzii

s__Fn. animalis C2

s__Parabacteroides distasonis

s__Prevotella copri
s__Prevotella nigrescens

0.0

0.1

0.2

0.3

1 100 10000

2.3×10−10

0.49
2.7×10−8

0.0

0.1

0.2

0.3

UU UM AC−ICAM

0.18

0.26
0.83

UU UM AC−ICAM

Fig. 1 | Identification and validation of tissue-resident microbiota in CRC
patients. a Schematic representation of the microbiome study design of 937 CRC
patients from the Uppsala-Umeå Comprehensive Cancer Consortium (U-CAN)
cohort. Patients included at Uppsala (UU, n = 775) and Umeå (UM, n = 162) Uni-
versity Hospitals served as discovery and internal validation cohort, respectively.
Patients with primary colon cancer from the AC-ICAM (Atlas and Compass of
Immune-Cancer-Microbiome Interactions in Colon Cancer) study (n = 246) served
as external validation cohort. Tissue-resident microbes were identified using non-
human reads from whole-genome sequencing (WGS) data, and were associated
with host genomic alterations, gene expressions and patient survivals. Illustration
elements (colon schematic and human outline silhouette) adapted from Servier
Medical Art (https://smart.servier.com), CC BY 3.0. b Number of Kraken2-mapped
prokaryotic reads from tumor tissues and paired blood samples (n = 462 pairs).
c The proportions and taxonomic assignments of microbial reads classified as
contaminants in tissue and paired blood (n = 462) samples from UU. d Number of

annotated reads (left) and average genome coverage (right) of tissue-resident
species across tumors (n = 775), normal adjacent tissues (NATs; n = 313) and blood
(n = 462) samples from the UU cohort. e Average genome coverage (Y-axis) and
number of mapped reads (X-axis) of tissue-resident prokaryotic species in tissue
(n = 1088) and blood samples from the UU cohort. Each dot represents a different
species. The name of the top 10 species by average Kraken2-mapped reads across
tissue samples are shown. f Number of non-human reads from tumor tissue sam-
ples of theUU (n = 775), UM (n = 162) andAC-ICAM(n = 246) cohorts in thedifferent
processing steps.g Left: The averagegenome coverage of tissue-resident species in
tumor tissue samples from the UU (n = 775), UM (n = 162) and AC-ICAM (n = 246)
cohorts. Right: The top 50 most-covered species identified across three tumor
datasets. In b, d, f, g, p-values were calculated using two-sided Wilcoxon rank-sum
test. In all boxplots, boxes represent the interquartile ranges (IQRs) between the
first and third quartiles, the center line represents the median, and the whiskers
extend 1.5 times the IQR from the top and bottom of the box.
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genomes (4644 from the UHGG catalog, and 17 Treponema species
from NCBI). This two-step host removal pipeline ensured stringent
exclusion of human reads in low-biomass samples. Subsequently,
stringent quality-control filters were applied to remove putative con-
taminants (Supplementary Data 2A) and taxa with low prevalence and
coverage. This resulted in249genera and361 species, representing the
CRC tissue-resident microbiota (Methods; Supplementary Fig. 1a and
Supplementary Data 2B). Tomitigate potential biases of different DNA
extraction methods on microbial composition between centers, we
designated UU as the discovery cohort, and UM as the internal vali-
dation cohort (Methods; Fig. 1a and Supplementary Fig. 1a−c). The AC-
ICAM cohort (n = 246)10, with patient demographics and clin-
icopathological characteristics similar to the U-CAN cohort (Supple-
mentary Data 1), was used as an external validation cohort.

Consistent with the established notion that solid tissues harbor
more abundant and diverse microbes than matched blood samples11,
UU tumors had significantly higher prokaryotic read counts per sam-
ple (median 347,957) compared to matched blood samples (median
7097; Fig. 1b, and Supplementary Fig. 1a). Blood samples had a notably
higher proportion of reads identified as putative contaminants (64.9%
versus 4.8% of total prokaryotic reads in tumors), with the majority
(84.2%) derived from Proteobacteria. After decontamination, only a
limited microbial signal was retained in blood samples (median map-
ped reads= 960; median valid species=1, defined as taxa with ≥100
reads) (Fig. 1c and d, Supplementary Fig. 1b and Supplementary
Data 2C,D). In contrast, tissues exhibited substantially bettermicrobial
genome coverage, enabling confident detection of previously repor-
ted CRC-related species such as Bacteroides fragilis, Prevotella nigres-
cens, Escherichia coli, Alloprevotella tannerae, and Fn subspecies
animalis clade 2 (FnaC2)12,13, aswell as gut commensals likeBacteroides
dorei, Bacteroides uniformis, Prevotella copri, and Faecalibacterium
prausnitzii (Fig. 1e).

Employing identical pipelines, we achieved highly consistent
detection of tissue-residentmicrobes in AC-ICAM tumors, comparable
to UU and UM tumors in terms of prokaryotic read counts, detected
taxa, and genome coverage. Of note, 27 of the top 50 most-covered
species overlapped across the three tumor datasets (Fig. 1f, g). These
findings demonstrate the validity and reliability of our approach in
identifying the tissue-resident microbiome in CRC.

Compared to paired WGS samples, the whole-transcriptome
sequencing (WTS) samples detected much fewer species and
reduced genome coverage, making accurate quantification of active
microbes challenging (Supplementary Fig. 1d−f). Therefore, we
focused solely on associating WGS-derived tissue-resident microbiota
with CRC characteristics.

CRC tissue-resident microbial composition varies between NAT
and tumor tissues, and across anatomical locations
With a robust framework for identifying and validating tissue-resident
microbiota, we investigated variations in the tissue-resident microbial
composition related to host factors. Tissues from the left colon and
rectum were consolidated as left-sided colon due to their similar
microbial composition, which distinctly differed from that of the right-
sided colon tissues (Supplementary Fig. 2a−c). Notably, tumor location
(right- vs. left-sided) emerged as the strongest covariate associated
with tissue-resident microbiota in both tumors and NATs (Bray-Curtis
dissimilarity, D-MANOVA, P = 1.19E-32; Supplementary Data 3),
prompting our initial focus on location-specific microbial
composition.

In the UU cohort, both right-sided tumors and NATs exhibited
significantly higher prokaryotic read counts and lower alpha diversity
compared to left-sided tissues (MaAsLin2, P < 0.05; Fig. 2a and b).
Significant differences in the relative abundances of 167microbial taxa
(63 genera and 104 species) between the right- and left-sided tissues
were consistently observed in tumors and NATs (MaAsLin2, BH-

adjusted P < 0.05; Fig. 2c and Supplementary Data 4). Left-sided tissue
samples were enriched with taxa from the Enterobacteriaceae (e.g., E.
coli), Akkermansia (e.g., A. muciniphila), and Porphyromonas (e.g., P.
somerae). Conversely, right-sided samples were predominantly enri-
ched with Firmicutes members belonging to Lachnospiraceae (e.g.,
Blautia and Roseburia) and Ruminococcaceae (e.g., Faecalibacterium)
(Fig. 2c, BH-adjusted P <0.05). We confirmed these anatomical-
location differences in mapped prokaryotic read counts, alpha diver-
sity, and taxa abundances in both validation cohorts (Fig. 2a−c and
Supplementary Fig. 2d−f). Specifically, 83.9% and 87.8% of location-
specific taxa in UM and AC-ICMA tumors, respectively, were in con-
cordance with those identified in UU tumors (MaAsLin2 BH-adjusted
P < 0.05; Supplementary Fig. 2f and Supplementary Data 4). A random
forest (RF) classifier trained with 5-fold cross-validation within UU
samples achieved high performance in distinguishing right- from left-
sided tissues across all datasets (AUC ranged from 86% to 91% for UU;
and from 80% to 85% for validation cohorts; Fig. 2f and Supplementary
Fig. 2g). We identified consistent location-specific differences in 28
taxa across at least two independent fecal metagenomic datasets of
CRC patients. In the Yachidas_2019 cohort14, an RF model trained on
fecal samples achieved anAUCof0.71 in distinguishing right- from left-
sided tumors (Supplementary Fig. 2h, i). These results suggest that
fecal microbiota can partially reflect anatomical location microbial
differences.

Additionally, right-sided enriched taxa exhibited more pro-
nounced associations with right-sided specific pathways in both NATs
and tumors, consistently identified across the UU and validation
cohorts (Supplementary Fig. 2j). This may reflect the elevated hypoxia
often observed in the right-sided colon9, which may induce glycolysis,
lipid metabolism, and extracellular matrix (ECM) remodeling15.

Compared to matched NATs, UU tumors exhibited significantly
reduced alpha diversity and alteredmicrobial composition, with 60.3%
(140/232) of the differential taxa replicated in UM (MaAsLin2, BH-
adjusted P <0.05, Fig. 2d-e and Supplementary Data 5A). More than
half of the tumor-enriched taxa (47/85, 55.3%) demonstrated sig-
nificant anatomical location-specific differences in the UU
cohort (Supplementary Data 5B). For instance, Porphyromonas spp.
and several Enterobacteriaceae taxawere enriched in left-sided tissues,
while A. tannerae, Prevotella intermedia and Clostridium
perfringens were more abundant in right-sided tissues (Fig. 2e and
Supplementary Data 5A). Noteworthy, established gastrointestinal
cancer-associated bacteria12,16–19, including four Fn subspecies (Fnn,
Fna C2, Fn. vincentii, and Fn. polymorphum), Streptococcus spp. (e.g., S.
anginosus), Clostridium spp. (e.g., C. bolteae, C. citroniae, C. clos-
tridioforme, and C. symbiosum)17, B. fragilis, Hungatella hathewayi, and
Parvimonas micra, were consistently enriched in UU and UM tumors,
while displaying no significant abundance differences between ana-
tomical locations (MaAsLin2, BH-adjusted P > 0.05; Fig. 2e). Among the
NAT-enriched taxa, a large portion (n = 106, 72.1%) were Firmicutes
members, and 35.4% (n = 52) were enriched in right-sided tissues,
including Blautia and Faecalibacterium (Fig. 2e and Supplementary
Data 5A).

Furthermore, the differences in microbial composition between
NATs and tumors were more pronounced in the right-sided tissues
(Fig. 2d and Supplementary Data 5B). Consistently, the RF classifier
trained with UU samples (5-fold CV) achieved higher accuracy in dis-
tinguishing tumors fromNATs in right-sided cases (AUC = 82%) than in
left-sided cases (AUC= 75%) for UM samples (Fig. 2g).

CRC tissue-resident microbiota is associated with somatic
mutations
Next, we classified hypermutated (HM) UU tumors as those with a
tumor mutational burden (TMB) of >23.2 mutations/Mb9. HM tumors
(n = 180) were more prevalent in older (median 76 years vs. 71 years)
and females patients compared to non-hypermutated (nHM, n = 595)
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tumors (Fig. 3a). As expected, HM was more prevalent in right-sided
compared to left-sided colon, across all cohorts (Fig. 3b).

We identified 35 tumor-enriched taxa with significant differences
between HM and nHM tumors after adjusting for age, sex, anatomical
location and prokaryotic read counts. Notably, 26 of tumor-enriched
taxawere enriched inHM tumors, including the four Fn subspecies and
multiple oral-derived taxa18 such as Treponema, A. tannerae, Seleno-
monas, Parvimonas, P. stomatis and Solobacterium moorei (BH-adjus-
ted P < 0.05 in UU; Fig. 3b and c). This enrichment pattern persisted in
right- and left-sided tumors (Supplementary Data 6A), further

confirming their independence from tumor location. The majority of
HM-enriched taxa were positively associated with the number of
single-nucleotide variants (SNVs) and were more abundant in patients
with mutations in CRC drivers or DNA damage response and repair
(DDR) genes compared to their wild-type (WT) counterparts (BH-
adjusted P <0.05 in UU; P <0.05 in UM/AC-ICAM; Fig. 3b and d, and
Supplementary Data 6A and B). Among tumor-enriched taxa, Trepo-
nema was the top genus associated with CRC drivers or DDR gene
mutations, followed by Fn subspecies. Importantly, the genus Trepo-
nemawas predominantly composed of oral-resident species, such asT.
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denticola (Supplementary Data 6E), and was previously detected in
orodigestive tumors20. The CASP8 mutations, found in about 7% of
U-CAN patients, were associated with the highest number of HM-
enriched taxa (Fig. 3d and Supplementary Fig. 3a and b). Those genetic
defects are known to increase susceptibility to microbial infection21.
Similar patterns were observed in genes known for higher mutational
frequencies in MSI tumors9, such as ACVR2A and BRAF (epithelial-to-
mesenchymal transition)22,23, CD58 and BCL9 (tumor immune micro-
environment modulation)24,25, ARID1A and ARID1B
(hypermethylation)26, and MSH3, MSH6, and MLH3 (DNA mismatch
repair)27 (Fig. 3d and Supplementary Data 6B). Conversely, APC
mutations or loss of heterozygosity (LOH) events in tumor suppressor
genes such as FLCN, MAP2K4 and TP53 were associated with lower
abundances of HM-enriched taxa, especially Fusobacterium spp.
(Fig. 3d, Supplementary Fig. 3c and d and Supplementary Data 6C).

Nine tumor-enriched taxa, largely from Enterobacteriaceae,
including E. coli, were enriched in nHM tumors in UU but exhibited
limited consistency across the validation cohorts (Fig. 3b and c), likely
reflecting the high degree of tumor heterogeneity within this subgroup.
Nonetheless, we detected the pks island in 17.4% of the UU tumors (135/
775). The relative abundances of E. coli and pks island were strongly
correlated, and both were enriched in left-sided and nHM tumors
(Supplementary Fig. 4a and b and Supplementary Data 7). Three
mutational signatures were overrepresented in pks+ tumors compared
to pks- tumors, including the previously established colibactin-induced
signature SBS8828, and two of unknown aetiology SBS93 and ID14
(P <0.05, Supplementary Fig. 4c and d and Supplementary Data 8). The
latter twowere highly correlated (Spearman’s rho=0.69, Supplementary
Fig. 4e). Additionally, SBS93 shared a similar mutational pattern with
SBS88, characterized primarily by T >N single-base substitutions, and
ID14 was dominated by 1 bp insertions (Supplementary Fig. 4f).

Despite the significant associations between microbiota and
genomic variations observed in tumors across three CRC cohorts, a
substantial proportion of CRC-associated taxa, including Fusobacter-
ium spp., were consistently enriched in both HM and nHM tumors
compared to their matched NATs (Supplementary Data 6D). This
indicates that microbial dysbiosis occurs during CRC tumorigenesis,
partially independent of tumor mutational status.

CRC molecular subtype-dependent microbial profiles with
prognostic implications
The Consensus Molecular Subtype (CMS) is a gene expression-based
classification that categorizes CRC by shared molecular signatures.
Emerging evidencehas reported enrichment of Fn in aCMS-dependent
manner18,29. However, the CMS-dependent prognostic implications of
overall CRC-enriched microbes remain inconclusive.

To address this gap, we characterized 85 tumor-enriched taxa in
relation to CMS subtypes based on gene expression of U-CAN tumors
(Supplementary Fig. 5a). Consistent with findings from the TCGA-

COADREAD and AVANT cohorts18,29, four Fn subspecies and multiple
CRC-associated oral taxa (35.3%, 30 out of 85) were significantly enri-
ched in CMS1 tumors compared to CMS2-4 tumors (BH-adjusted
P < 0.05, Fig. 4a and c), mirroring their enrichment in HM tumors
compared to nHM tumors. While no tumor-enriched taxa were found
to be specifically enriched in CMS2, CMS3 or CMS4 tumors (Fig. 4c,
Supplementary Data 9, BH-adjusted P > 0.05). CMS2 cases (32%, 224
out of 709) were younger and had more left-sided tumors (73%), nHM
tumors (99.5%), and a higher prevalence (25%) of the pks colibactin
gene island (pks + ) than other subtypes, which may collectively influ-
ence the genetic variations30, expression patterns and prognosis of
CMS2 tumors (Fig. 4a and b). Notably, the two newly identified pks+
associated mutational signatures in this study, SBS93 and ID14, were
significantly enriched in patients with CMS2 tumors (Supplementary
Fig. 5b). Also, higher levels of Enterobacteriaceae taxa (e.g.,Citrobacter,
Enterobacter, Escherichia and E. coli) were associated with shorter
overall survival (OS) and recurrence-free survival (RFS) exclusively in
overall CMS2patients (adjustedHROS for E. coli = 1.82, 95%CI = 1.26−2.63,
adjusted HRRFS for E.coli= 1.46, 95% CI = 1.08−1.96; Fig. 4d), and those
with stage II or III CMS2 tumors (Supplementary Data 10). Moreover,
within the CMS2 subtype, pks+ patients exhibited significantly worse
survival compared to pks- subjects (UU: adjusted HROS = 2.77, 95%
CI = 1.45−5.29, P = 0.002; adjusted HRRFS = 3.22, 95% CI = 1.82−5.69,
P = 5.73e-5; Fig. 4e). Importantly, this CMS2-specific pattern was inde-
pendent of age, anatomical location, tumor stage and grade, and was
evident in validation cohorts, where higher Enterobacteriaceae abun-
dancewas associatedwith shorterOS (adjustedHROS UM+AC-ICAM = 1.58;
adjusted HROS AC-ICAM-16S = 1.97; Fig. 4f and Supplementary Data 10).
Conversely, Fusobacterium, Fnn, Fna C2, and Fnv were solely prog-
nostic for CMS4 tumors (adjusted HROS for Fusobacterium = 1.77, 95% CI =
1.28−2.44, adjusted HRRFS for Fusobacterium = 1.53, 95% CI = 1.14−2.04;
Fig. 4d), a subtype-dependent pattern previously observed in other
CRC cohorts29.

Notably, the associations between oncogenic pathways and
microbes also tended to be specific to CMS subtypes and their prog-
nostic relevant taxa. In CMS2 tumors, E. coli abundance was positively
associated with hypoxia levels (Spearman’s rho=0.176, P = 0.0083;
Fig. 4g). Correspondingly, only CMS2 pks+ tumors showed sig-
nificantly higher hypoxia levels, which was not observed in other
subtypes (Wilcoxon rank-sum test; Fig. 4g). We further observed sig-
nificant heterogeneity in associations between Fn subspecies and the
tumor immune microenvironment (TIME) across different CMS sub-
types. Only in CMS4 tumors, Fn subspecies were positively associated
with vascular endothelial growth factor (VEGF) and glutamine meta-
bolism pathways, but were consistently and negatively associatedwith
immune checkpoints (PD1 activation), complement activation path-
ways, and multiple immune response markers (e.g., T-lymphocytes
scores, expression of CD8 +T cells and macrophages M2, and sig-
nature of CD8 +T effector)31 (Partial Spearman’s rank correlation, BH-

Fig. 2 | Tissue-resident microbiome in different anatomical locations of the
colon and rectum. a Comparison of prokaryotic reads number between left- and
right-sided tissue samples. Two-sided P-values were calculated withWilcoxon rank-
sum test. b Genus level microbial diversity in left- vs. right-sided tissue samples.
Two-sided P-values were calculated with MaAsLin2, with adjustment for age, sex,
and prokaryotic read count. For a and b: UU tumors: n (left)=386; n (right)=389; for
UUNATs: n (left)=145, n (right)=168. For UM: n (left)=73, n (right)=89. c Enrichment
of tissue-resident species between anatomical locations. Species displaying con-
sistent differences between anatomical locations in both tumors (UU_T, n = 775;
UM_T, n = 162) and NATs (UU_N, n = 313; UM_N, n = 162). MaAsLin2, BH-adjusted
P < 0.05 (two-sided test). Green, right-side enriched specie; yellow, left-side enri-
ched species. Colored outer bars indicate the corresponding phyla of presented
species. d Genus-level microbial diversity in paired tumor-NAT samples across
anatomical locations: all pairs (UU, n = 313; UM, n = 162), right-sided pairs (UU,
n = 168; UM, n = 89), and left-sided pairs (UU, n = 145; UM, n = 73). Two-sided P-

values were calculated with MaAsLin2. e Enrichment of tissue-resident species
displaying significant and consistent differences between tumors and paired NATs
in UU (168 UU_R and 145 UU_L) and UM (89 UM_R and 73 UM_L). MaAsLin2 (two-
sided test), BH-adjusted P < 0.05 for UU, and P <0.05 for UM (two-sided test). Blue,
NAT-enriched; red, tumor-enriched. Colored outer bars indicate location-enriched
species (yellow, left-sided; green, right-sided). f Two-sided 95% confidence interval
for the area under the ROC curve (AUC) showing the ability of tissue-resident
microbiota indistinguishing right from left-sided samples.Microbial based random
forest (RF) models were generated using UU tumors (n = 775) with 5-fold cross
validation (CV), and tested on UU_N (NATs, n = 313), UM_T (tumors, n = 162) and
UM_N (NATs, n = 162). g Performance of RF models in distinguishing tumors from
paired NATs. The training model was established on paired tissues of UU cohort
(n = 313 pairs, 5-fold CV), and the testing set was 162 paired UM tissues. For the
boxplots, boxes represent the interquartile range (IQR, Q1–Q3), the central line
represents the median, and whiskers extend to 1.5 times of IQR.
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adjusted P <0.05; Fig. 4h, Supplementary Fig. 5a and Supplementary
Data 11).

CRC tissue-resident microbes predict patient survival
Prognostic taxawere identified separately inUU tumors andNATs, and
their independent associations with prognostic outcomes, including
OS and RFS, were assessed in stage I-III patients fromUMandAC-ICAM
cohorts (Fig. 5a).

In the UU cohort, 122 prognostic taxa in tumors (BH-adjusted
P < 0.05) and 34 in NATs (P < 0.01) were identified after adjusting for

clinicopathological factors (Supplementary Fig. 6a), with 21 taxa
shared between both tissue types (Fig. 5b, c and Supplementary
Data 12). The majority of tumor-derived prognostic taxa (90.2%,
n = 110) were associated with prolonged OS, with over half enriched in
right-side tissues (62.3%, n = 76) and primarily belonging to Lachnos-
piraceae (Blautia) and Ruminococcaceae (e.g., Ruminococcus and Fae-
calibacterium). In contrast, only a few favorable taxa in tumors were
enriched in left-sided tissues, such as Bifidobacterium infantis and B.
adolescentis (Fig. 5d).Most favorable taxawere consistently associated
with better OS across all CMS subtypes (adjusted HRs <1,

UU (discovery cohort) UM (validation cohort) AC-ICAM (validation cohort)
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Fig. 3 | Associations between somatic mutations and tumor-resident micro-
biota in CRC. a Prevalence of somatic mutations in tumors of the UU cohort. The
dotted line indicates the cutoff for hypermutated (HM) and non-hypermutated
(nHM) tumors (23.2 mutation/Mb). Colored columns represent the samples
(n = 775) annotated with HM or nHM, tumor locations, sex, and age groups. Two-
sided Chi-square test P-values to show relationships between groups with muta-
tional status and clinical phenotypes. b Discovery and validation of relationships
between total mutations and 35 mutational status-associated taxa in UU (n= 775),
UM (n = 162) andAC-ICAM(n = 167) cohorts. Top:Horizontal bars showdistribution
of HMand nHMsamples between right- and left-sided tumors. Bottom: Differences
in abundance of 35 taxa between HM and nHM identified using MaAsLin2. Asso-
ciations between bacterial abundances and total number of single nucleotide var-
iants (SNVs) were shown using Spearman’s correlation coefficients (rho). *, BH-
adjusted P <0.05; #, P <0.05. c Tumor-resident taxa significantly associated with
hypermutation status in the UU cohort. The X axis represents significance of

differences between HM and nHM tumors, and the Y axis shows that between
paired tumors andNATs. Dotted lines indicate BH-adjusted P =0.05 for enrichment
in NATs (lower) or tumors (upper), and enrichment in nHM (left) or HM (right)
tumors. Circle sizes indicate average relative abundance of each taxon across 775
UU tumors. dDifferences inmicrobial abundances between tumorswithmutations
(Mutant) or wild-type (WT) in individual driver genes orDNA damage response and
repair (DDR) genes. Top bars, number of taxa consistently associated with gene
mutations in UU and at least one validation cohort. Right bars, number of genes
consistently associated with tumor-enriched taxa in UU and at least one validation
cohort. Red, enrichment inMutant; blue, enrichment inWT. In total,mutations in41
divers and 18 DDR genes displayed significant associations with microbes in UU
(BH-adjusted P < 0.05), with triangles indicating consistent observations validated
inUMandcircles in AC-ICAM(P <0.05). Forb−d, two-sided P values fromMaAsLin2
models were determined with adjustment for age, sex, location, and Kraken2-
mapped prokaryotic read count.

Article https://doi.org/10.1038/s41467-025-67047-2

Nature Communications |          (2026) 17:346 6

www.nature.com/naturecommunications


Supplementary Fig. 6b); and 15 taxa were consistently linked to
favorable prognosis in both tumors and NATs, including known
butyrate producers such as Roseburia inulinivorans, Faecalibacterium
prausnitzii, and Fusicatenibacter saccharivorans (Fig. 5d and Supple-
mentary Fig. 6c). In contrast, 6 taxa, including Clostridium bolteae, C.

lavalense, C. symbiosum, and C. scindens were significantly associated
with worse OS in both tissue types (Fig. 5b and d and Supplementary
Data 12). Additionally, 26 of the tumor-derived prognostic taxa were
validated in at least one of the validation cohorts (Supplementary
Fig. 6c and d), including 19 taxa associated with favorable prognosis
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(e.g., Lachnospiraceae spp., and Faecalibacterium spp.), and 7 with
unfavorable prognosis (e.g., Clostridium spp. and Eggerthella lenta).

Moreover, the abundance of 31 prognostic taxa differed sig-
nificantly between stage I and stage IV UU tumors. In stage IV tumors,
there was a notable depletion of taxa associated with favorable prog-
nosis and an enrichment of those linked to poor prognosis, including
Clostridium spp., suggesting their indicative roles in CRC progression
(Supplementary Fig. 6e and Supplementary Data 13).

Unexpectedly, in stage I-III UU patients, a higher abundance of A.
muciniphila in NATs was significantly associated with poor prognosis
(P = 0.0074, adjusted HROS = 1.36; Fig. 5b and d), also seen with the
genus Akkermansia (Akk) (Supplementary Data 14). An optimal cutoff
of 0.05 for Akk abundance in NATs revealed that the median OS was
2.68 years for Akk high patients (≥0.05, n = 29) compared to 5 year for
the Akk low patients (<0.05, n = 259) (unadjusted HROS = 2.04, P = 0.012;
Fig. 5e and f). This Akk-specific pattern was confirmed in NATs from
UM (adjusted HROS = 2.17; P = 0.146; adjusted HRRFS = 2.19; P = 0.146)
and AC-ICAMcohorts (adjustedHROS = 2.83, P = 0.007) using the same
abundance cutoff (Fig. 5g). Host characteristics were balanced
between Akk high and Akk low groups in UU stage I-III patients, except for
a higher proportion of left-sided tumors in the Akk high group (72% vs.
42%; Supplementary Data 14).

We calculated individualmicrobial risk scores for tumors (MRS-T)
and NATs (MRS-N) based on prognostic taxa (Methods, Supplemen-
tary Data 15). The two scores were strongly correlated (Spearman’s
rho= 0.68; Fig. 5h), and both were independently associated with
worse survival in UU (adjusted HROS for MSR-T = 1.81; adjusted HRRFS for

MSR-T = 1.58, adjusted HROS for MRS-N = 2.31; adjusted HRRFS for MRS-

N = 1.98), and validated in the UM and AC-ICAM cohorts (Fig. 5i and
Supplementary Data 16). MRS-T and MRS-N both enhanced the prog-
nostic models based on individual host clinicopathological factors,
including age, sex, BMI, tumor location, grade, stage, hypermutation
status, MSI status, and CMS subtype (Supplementary Fig. 7a). Com-
pared to the reference model using the host factors alone, MRS-T and
MRS-N increased the consistency index (C-index) by 0.046 and 0.079,
respectively (Fig. 5j). Similar improvements were observed in the
validation cohorts (Fig. 5j). Using 249 paired tissue 16S rRNA gene
amplicon datasets from stage I-III AC-ICAM patients, we identified 12
genera (including Akkermansia) for MRS-Namplicon and 14 for MRS-
Tamplicon, and confirmed their prognostic performance (adjusted HROS

for MRS-N = 1.98; adjustedHROS for MRS-T = 1.37) (Supplementary Fig. 7b−d
and Supplementary Data 17). Additionally, the prognostic value of
MRS-T was further observed in 98 U-CAN patients with stage IV
tumors, independent of host factors (P < 0.05, adjusted HROS for stage

IV = 2.01; adjusted HRRFS for stage IV = 2.04) (Supplementary Fig. 7e).
Further analyses revealed that a large portion of favorable taxa

were significantly associated with the downregulation of oncogenic
pathways including hypoxia, nuclear factor kappa B (NF-kB), and

tumornecrosis factor alpha (TNF-α) signaling (Fig. 5k). These taxawere
also linked to lower levels of proinflammatory cytokines and chemo-
kines, such as IL1, IL6, CSF2, CSF3, CCL3, CCL4, CCL20, CXCL8, ICAM1,
and PTX3. Additionally, pathways related to immune function (e.g.,
interleukin signaling and toll-like receptor cascades), cancer-related
signal transduction, and the circadian clock were also downregulated
in tissues enriched with these taxa (BH-adjusted P < 0.05; Fig. 5k).
Conversely, unfavorable Clostridium taxa were associated with higher
levels of hypoxia, IL6, and MAPK1/3 activation. These microbial asso-
ciations with tumor gene expressions were broadly confirmed in the
validation cohorts (Fig. 5k and Supplementary Data 18). Thus, in all
cohorts, patients identifiedwith highMRS-Tvalues (above themedian)
exhibited lower abundances of favorable taxa and higher expressions
of proinflammatory genes compared to patients with low MRS-T
values (Supplementary Fig. 8 and Supplementary Data 19).

Discussion
Gut microbial dysbiosis is implicated in the carcinogenesis, treatment
response, and prognosis of CRC2,10. Using in-depth bulk sequencing
data from the U-CAN9 and the AC-ICAM cohorts10, along with clinical
follow-up, we performed a thorough profiling of the presence and
relevance of tissue-resident microbiota in primary CRC. We char-
acterized distinct microbial composition across anatomical locations
and identified consistent associations between microbial signatures,
tumor genomics variations, transcriptome-based CMSs, and onco-
genic pathways across UU, UM and AC-ICAM cohorts. We have also
developed microbial risk scores (MRS-T and MRS-N) based on prog-
nostic microbes, with the ability to predict survival independently of
the host clinicopathological factors.

In view of the recent debate over the validity and reproducibility of
microbiome analysis in low-biomass tumors, we developed an analytical
workflow designed to prioritize specificity over sensitivity in microbial
detection. To minimize potential contamination, we applied a two-step
host read removal strategy32, used paired blood samples as negative
controls11, and adopted a published blacklist of common reagent
contaminants4. We further required sufficient mapped reads, prevalence
and genome coverage for taxa inclusion, a principle also highlighted in a
recent cancer microbiome benchmarking study based on bulk WGS
datasets8. That study further underscored the importance of stringent
decontamination to mitigate sequencing noise in cancer microbiome
analyses8. Additionally, species-level annotation using only high-quality
human gastrointestinal–derived genomes from the UHGG collection
markedly reduced false-positive assignments from unrelated habitats.
Together, these measures enhanced taxonomic resolution and cross-
cohort consistency inmicrobial profiling across CRC tissues, particularly
regarding location differences. As the field moves toward standardized
best practices, continued efforts will be crucial to further strengthen the
accuracy and interpretability for tumor microbiome.

Fig. 4 | Consensusmolecular subtype (CMS)-dependentmicrobial composition
and associations with tumor transcriptome and patient survival. a A total of
709 (91.48%, 709/775) tumors from the UU cohort count by CMS subtypes and the
proportions of samples by anatomical locations, mutational, and the pks colibactin
gene island (pks + ) statuswithin eachCMS subtype.bAge distribution amongCMS
subtypes for the UU cohort. Two-sidedWilcoxon rank-sum test. c Taxa enrichment
in CMS1 versus other CMS subtypes. Left: color bar, phyla of CMS1 enriched taxa.
Heatmap, taxa abundances between HM versus nHM, and CMS subtypes, colored
by effect sizes from MaAsLin2, with adjustment for age, sex, anatomical location,
and prokaryotic read counts. *, BH-adjusted P < 0.05. d Associations between
tumor-enriched taxa and survival in CMS2 (upper, n = 224) and CMS4 (lower,
n = 255) stage I-III patients. Adjusted HRs with two-sided P-value were calculated by
multivariable Cox regression. Covariates include age, anatomical locations, tumor
stage, grade, postoperative treatment, and prokaryotic read counts. Error bars
represent 95% CI for HR. *, BH-adjusted P < 0.05. e CMS-dependent associations
between presence of pks and survival in stages I-III patients fromUU. AdjustedHRs

and two-sided P values were calculated by multivariable Cox proportional hazard
regression. f CMS2-dependent associations between the family Enterobacteriaceae
and OS in stage I-III patients. Adjusted HRs with P-value for CMS2 and others were
calculatedbymultivariable Cox regression (two-sided test). Covariates include age,
anatomical locations, and tumor stage. Error bars represent 95 %CI forHR.gCMS2-
dependent associations between UU tumor hypoxia levels and relative abundances
of Escherichia coli (left) or presenceof pks gene island. Left: P values calculatedwith
two-sided partial Spearman’s correlation. Right: P values calculated with two-sided
Wilcoxon rank-sum test. h CMS4-dependent associations between relative abun-
dances of Fusobacterium spp. and expressions of CRC-related pathways and
immune cells in UU cohort. *, BH-adjusted P < 0.05 (Two-sided partial Spearman’s
correlation). In g, h, two-sided partial Spearman’s correlation adjusted for sex, age,
tumor location and prokaryotic read counts. In b, g, p-values were calculated using
two-sided Wilcoxon rank-sum test. Boxplots show the IQR, median (center line),
and 1.5 times of IQR whiskers.
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Our study revealed significant location-dependent disparities in
microbial composition and host-microbe interactions between right-
and left-sided tissues, substantially expanding uponobservations from
prior studies28,33–35. A recent study reported distinct forms of
O-glycosylated mucus in the proximal versus distal gut and their
respective roles in modulating local microbial community36. Such

differences in mucus architecture across anatomical sites may con-
tribute to the location-specific microbial patterns observed in both
tumor and normal tissues. Moreover, distinct molecular and genomic
features in right-sided tumors might favor the colonization and per-
sistence of specific microbes at this site. For example, right-sided
tumors are frequently characterized by hypermutation, the CMS1
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subtype, and mutations in CASP8, ACVR2A, BCL9, BRAF and MSH3
genes37–39, which were consistently accompanied by significant
enrichment of Fn subspecies and Treponema. The co-aggregation of
these oral-derived microbes11,18 may synergistically promote multi-
bacterial biofilm formation and metabolic adaptions to right-sided
tumor microenvironments. Conversely, location-specific microbes
may influence tumor molecular characteristics. For instance, pks+
tumors were more prevalent in left-sided tumors and enriched with
specific mutational signatures, including SBS93 and ID14, both of
which were more prevalent in gastrointestinal cancers than in other
cancer types40,41.

We confirmed and extended the prognostic role of tumor-
resident microbiota in specific CMS subtypes. The CMS4-dependent
prognostic impact of Fn subspecies was observed in both UU and
TCGA-COADREAD29 cohorts. In CMS4, Fusobacterium spp. showed
negative associations with PD1 signaling, complement activation, and
CD8+ T cells. This aligns with the reported immunosuppressive role of
Fn, which can inhibit T cell activities through Fap2-mediated TIGIT
binding42 or via succinic acid secretion43. High tumor Fn load has also
been linked to increased resistance to chemotherapy and immu-
notherapy in metastatic CRC43,44. However, the observed CMS-
dependent Fusobacterium associations might reflect the hetero-
geneity and complex immunological roles of TMEs in tumor progres-
sion. To our knowledge, this is the first report linking pks-island and
elevated Enterobacteriaceae abundance with poor prognosis specifi-
cally within CMS2 tumors. These tumors also exhibited increased
hypoxia levels, suggesting a potential impactof key Enterobacteriaceae
taxa (e.g., E. coli) on CRC progression beyond colibactin-induced DNA
damage45. Given the critical roles of adhesins such as FimH and FmlH in
facilitating colibactin-mediated genotoxicity46, further studies are
needed to investigate strain-level functional diversity and identify
factors contributing to the CMS2-specific prognostic impact.

We uncovered the prognostic values of tissue-resident microbes
in patients with locoregional (stage I−III) CRC for both overall and
recurrence-free survival, independent of host clinicopathological fac-
tors. Several tumor-enriched Clostridium spp. were associated with
poorer prognosis in both tumor and NATs. These taxa have previously
been shown to increase stepwise from healthy to adenoma to carci-
noma in feces17, and in our study, from locoregional to metastatic
tumors, suggesting their potential role in disease progression and
translational potential. Mechanistically, Clostridium species may
influence host immunity and metabolism through branched-chain
amino acids production47, or deoxycholic acid biotransformation48.
Conversely, elevated levels of taxa from Blautia, Roseburia (R. inulini-
vorans), Faecalibacterium (F. prausnitzii), and Fusicatenibacter (F. sac-
charivorans) were associated with prolonged survival, and with
downregulation of hypoxia and key pro-inflammation pathways, such
as NF-κB, TNFa, IL-6, and toll-like receptor signaling. Several of these
favorable taxa are known to produce butyrate to boost the activity of
CD8 + T cells49,50. These findings warrant further exploration into

whether microbiome modulation, such as targeted depletion of Clos-
tridium spp. or enrichment of beneficial Lachnospiraceae taxa, may
offer therapeutic benefit for CRC patients. Additionally, given the
invasiveness of tissue sampling, future paired tissue–stool studies are
needed to assess the utility of stool-based microbial markers as non-
invasive postoperative surveillance and risk stratification.

High Akkermansia abundance (≥5% relative abundance) was sig-
nificantly associated with poor survival in NATs but not in tumors.
Interestingly, patients with advanced non-small-cell lung cancer
exhibited worse immunotherapy outcomes when fecal A. muciniphila
levels were either absent or above 4.8%51. This non-linear dose-effect
was recently validated in patients with melanoma and CRC52. A. muci-
niphila, a well-known mucin degrader53, may, when excessively abun-
dant, increase intestinal permeability and inflammation, thereby
altering tumor microenvironment and promoting resistance to
immunotherapy. Despite its growing reputation as a next-generation
probiotic54, these findings underscore its context-dependent roles in
cancer patients55,56 and suggest that Akkermansia supplementation
should be approached with caution in oncology settings.

Overall, our results advance the understanding of CRC hetero-
geneity by characterizing the tissue-residentmicrobiota landscape and
their interplays with tumor characteristics and patient prognosis. This
work provides a stringent analytical framework for low-biomass
microbiome research, laying the foundation for future mechanistic
exploration and the rational design of microbiome-based interven-
tions in CRC and beyond.

Limitations of this study
Our study benefits from a prospective design, deep sequencing, and a
large sample of patients with CRCwith long-term follow-up. However,
several limitations should be noted: (1) Despite achieving sufficient
WGS depth for tumor tissues, taxonomic and functional character-
ization of tissue-resident microbiota, particularly low-abundance bac-
teria andnon-bacterialmicrobes, remains limiteddue to the inherently
low microbial biomass. Moreover, bulk WGS does not allow clear dis-
crimination between intracellular and extracellular microbes, leaving
uncertainty whether the microbial reads originated from active
microbes or from those enveloped in host cells such as macrophages.
Future work employing high-resolution imaging approaches and spa-
tial transcriptomics will be required to resolve microbial localization
and viability at cellular resolution. (2) This study exclusively included
treatment-naïve CRC cases; hence, the impact of cancer therapies on
tissue-residentmicrobes cannot be directly assessed. Nonetheless, our
results demonstrate the prognostic value of NAT-resident microbiota,
highlighting the potential utility of post-surgical microbiome mod-
ulation against tumor recurrence and progression. (3) Given the
observational nature of this study, the reported associations should
not be interpreted as evidence of direct causality. Although consistent
enrichment patterns and clinical associations were observed across
multiple cohorts, the underlying mechanisms—whether driven by

Fig. 5 | Establishment and validation of microbial risk score (MRS), and its
relationships with tumor transcriptome and patient survival. a Stage I-III
patients and tissues fromUU, UM, and AC-ICAM cohorts. Colon schematic adapted
from Servier Medical Art (https://smart.servier.com), CC BY 3.0. bHeat tree of taxa
associated with OS in NATs and tumors from the UU cohort. Significance was
defined as BH-adjusted P < 0.05 in tumors and two-sided P < 0.01 in NATs using
multivariate Coxmodels. cOverlaps of prognostic taxa identified inUU tumors and
NATs. d Relative abundances of prognostic taxa between tumor vs. NATs, HM vs.
nHM tumors and left- vs. right-sided samples in UU, colored by effect sizes from
MaAsLin2. Diamonds denote prognostic taxa. Circles denote differential taxa
between groups (BH-adjusted P < 0.05, two-sided test). e The associations between
Akkermansia abundance and OS in NATs and tumors from the UU cohort. The
optimal cutoff (black line) for Akklow (Akk<0.05) andAkkhigh groupswas determined
by grid search maximizing HR in NATs. f Kaplan–Meier curve for the estimated OS

for Akklow and Akkhigh groups in UUNATs. g Forest plot displaying adjustedHRs and
two-sided P-values between Akklow and Akkhigh groups for OS in NATs from the UU,
UM and AC-ICAM (16S data) cohorts, and RFS in NATs from UU and UM cohorts,
estimated by multivariate Cox models. Horizontal error bars represent 95 % CIs of
the HR. h Spearman’s correlation between MRS-N and MRS-T across 288 paired
stage I-III tissue samples from UU cohort. i. Kaplan–Meier curves for low- and high
MRS groups (defined by median). Adjusted HRs and two-sided P-values for con-
tinuous and categorical MRS were determined by multivariate Cox models.
j Concordance index (C-index) of combinatorial prognostic factors. Parenthesis
indicates the C-index increase after adding MRS-T and MRS-N to the reference
model. k Associations between prognostic taxa and expressions of CRC-related
pathways and genes in tumors. Two-sided partial Spearman’s correlation. Red,
positive; blue, negative. Significancewas defined as BH-adjusted P < 0.05 in UU and
P <0.05 in UM and AC-ICAM.

Article https://doi.org/10.1038/s41467-025-67047-2

Nature Communications |          (2026) 17:346 10

https://smart.servier.com
www.nature.com/naturecommunications


microbial activity, tumor immunemicroenvironment, or host-microbe
interactions—remain to be elucidated. Future integrative efforts com-
bining humanmulti-omics with experimental models are warranted to
establish causal links and functional roles of microbiota in CRC
pathogenesis and prognosis.

Methods
Patient cohort
Samples used in this study are from patients diagnosed with CRC
between 2004 and 2019, at theUppsala University Hospital (UU) or the
Umeå University Hospital (UM). Most patients included from June
2010 were drawn from the Uppsala-Umeå Comprehensive Cancer
Consortium (U-CAN) biobank collections (Uppsala Biobank and Bio-
banken Norr)57. Sampling and analyses were performed under the
ethical permits Uppsala EPN 2004-M281, 2010-198, 2007-116, 2012-
224, 2015-419, 2018-490, EPMDnr 2022-06182-01, andUmeåEPN2016-
219 and EPM 2019-566. Patients or guardians provided informed
written consent for participation in this study as stipulated by the
study protocols. Participants were not compensated.

Clinicopathological and follow-up data was extracted from the
national quality registry, the Swedish Colorectal Cancer Registry
(SCRCR), and completed frommedical records. Patients who received
chemotherapy and/or radiotherapy before sampling or surgery were
excluded, leading to a final number of 937 treatment-naïve patients
(UU = 775; UM= 162) retained in this study9. Follow-up for alive
patientswasminimum3.9 year andmedian 8 years (data lock 14th June
2023), with 870 patients (93%) having complete 5-year follow up.

Tissue handling, sample collection and nucleic acids extraction
Tissue samples from UU were embedded and stored at −70 °C on
collection day. Tissue samples from UM were frozen directly in seg-
ments and similarly stored as UU samples. Patient-matched normal
DNA sampleswere obtained fromblood (UU = 462) or normal adjacent
tissue (NAT) (UU = 313; UM= 162), and normal RNA from 103 patient-
matched colon or rectum tissue samples (UM=8; UU= 95).

For UU samples, tissue DNA was extracted using the NucleoSpin
Tissue kit (740952, Macherey-Nagel), RNA with the RNeasy Mini Kit
(74106,Qiagen), andbloodDNAwith theNucleoSpin 96BloodCorekit
(740456, Macherey-Nagel). For UM tissue samples, both DNA and RNA
were extracted with AllPrep DNA/RNA/miRNA Universal kit (80224,
Qiagen). The tissue samples that used to extract DNA and RNA were
completely consumed, no remaining material was available.

Host genomic features and molecular subtypes
Somatic genomic alterations (SNV, MNV, INDEL, SV and CNV), driver
genes, hypermutated (HM) and non-hypermutated (nHM) status,
mutational signatures (SBS, DBS, and ID), consensus molecular sub-
types (CMS), single-sample pathway profiles, CMS-featured pathways,
cancer-related pathways and tumor microenvironment of U-CAN
tumors were identified and described in our previous study9. As
describedbyKimet al.58, HM thresholdsweredeterminedbasedon the
distribution of somaticmutation counts specific to each dataset, using
the total count of somatic variants in the whole genome for U-CAN
(>23.2 mutations/Mb)9 and in the whole exome for AC-ICAM tumors
(>56.35mutations/Mb). CMS classification of the AC-ICAM tumors was
obtained from Supplementary Source Data10 (Supplementary Data 1).

Methods for microbiota
Part 1 Detection, decontamination, and quantification of tissue-
resident microbiota. We implemented a rigorous pipeline to detect,
decontaminate, and quantify tissue-resident microbiota in CRC sam-
ples from the U-CAN study.

Step 1, Non-human sequencing data extraction and quality control.
High-qualityWGS (average 52× coverage) andWTS (average 30million

paired reads) data were produced by the DNBSEQ platform (MGI) with
100-bp paired-end mode9. Sequences were aligned to human genome
reference GRCh38 as previously described9. For the WGS data, we
processed 1,088 tissues (775 tumors and 313 paired NATs) and 462
blood samples fromUU, and 324 tissues (162 tumors and paired NATs)
fromUM. For theWTS data, we processed 870 tissues (775 tumors and
95 NATs) for UU, and 170 tissues (162 tumors and 8 NATs) for UM.
Extracted raw reads were subjected to quality controls as follows: (1)
low-quality reads were removed using fastp59 (V0.20.1, parameters:
--cut_front --cut_right --cut_front_window_size 4 --cut_front_mean_qu-
ality 20 --cut_tail_window_size 4 --cut_tail_mean_quality 20 --leng-
th_required 51); (2) human reads were identified by alignment with the
GRCh38 genome (Bowtie2 v2.4.2, -very-sensitive) and removed; (3)
non-human aligned paired reads were extracted from sequencing data
(SAMtools v1.9, view -f 12)60 for each sample. After QC, these high-
quality reads were obtained for tissue and blood samples (referred to
as “input reads”, Supplementary Fig. 1a).

Step2, Microbiota detection using Kraken 2 and UHGG catalog.
Taxonomic assignment of “input reads” was performed using Kraken
261 with a custom reference database included human genomes
(GRCh38 and T2T-CHM13v2.0), the Unified Human Gastrointestinal
Genome (UHGG) catalog (V1.0)62, comprising 4644 high-quality gut
representative genomes), and 17 additionalNCBI prokaryotic genomes
from the genusTreponema. Reads classified ashumanbyKraken2were
re-removed at this stage to enhance stringency. For each individual
sample, a taxon was considered present if it was supported by ≥10
mapped reads. The overall mapping rate against the UHGG was cal-
culated by dividing Kraken2-mapped “prokaryotic reads” by total
“input reads”.

Step 3, Removal of putative microbial contaminants using blood
samples. To distinguish tissue-resident microbiota from potential
contaminants, we used WGS data from 462 paired tumors and blood
samples in UU, with blood samples as positive controls. Following the
criteria detailed by Dohlman et al.11, we excluded 114 microbial genera
identified as putative contaminants based on the two conditions: (1)
prevalence in ≥20% of UU blood samples, and (2) significantly higher
prevalence in blood compared to paired tissue samples (two-sided
Fisher exact test, P < 0.05; Supplementary Data 2).

Step 4, Removal of putative microbial contaminants using a pub-
lished blacklist. To further minimize contaminants, we excluded 24
additional genera frequently found in negative blank reagents as
curated in a previous study4.

Step 5, Removal of microbial taxa with low-prevalence. To enable
confident identification of tissue-resident taxa and to ensure statistical
power, we excluded low-prevalent genera (<20% of occurrence in tis-
sue samples). This yielded 249 genera shared between both UU and
UM tissues, termed “common genera”.

Step 6, Removal of microbial species with low genome coverage.
To guarantee accurate species-level assignment, high-quality repre-
sentative species belonging to the common genera were extracted to
create a Bowtie2 database (bowtie2-build, default parameters). Pro-
karyotic reads from WGS tissue samples were aligned to this custom
database, and genome coverages were estimated using bedtools gen-
omecov (V2.30.0, default settings). A total of 361 species with at least
5% genome coverage in ≥5% of WGS tissue samples were identified as
tissue-resident species.

We further assessed genomecoverage for these 361 species in870
WTS tissue samples and 462WGS blood samples. Despite comparable
non-human read counts frompairedWGS andWTS data of UU tumors,
WTS data exhibited notably fewer detected species and lower genome
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coverage for tissue-resident species compared to WGS data (Supple-
mentary Fig. 1d−f, Supplementary Data 2D). Application of
RiboDetector63 (version 0.2.7, -e norna) revealed that, on average, 40%
of prokaryotic reads in the total microbial RNA data were ribosomal
RNA, making accurate quantification of active microbes challenging
(Supplementary Fig. 1g). We therefore opted not to proceed with the
WTS-based microbial analyses.

Prior to subsequent analyses, genus-level distance-based Redun-
dancy Analysis (db-RDA)64 was performed on all U-CAN tissue samples
to assess host-related confounding variables associated with tissue-
resident microbiota. Significant disparities in microbial composition
were observed between UU and UM cohorts, possibly due to differ-
ence in DNA extractionmethods9. To account for batch effects, the UU
cohort was designated as the discovery cohort and the UM cohort as
the internal validation cohort. Additionally, non-human WGS data
from 167 AC-ICAM tumors were collected and processed using the
identical pipeline for identifying and quantifying tissue-resident
microbes, and used as an external validation cohort10.

Part 2 Associations between host clinical features and tissue-
resident microbiota. To deal with the zero-inflated compositional
data, the relative abundances (RAs) of 249 tissue-resident genera and
361 species were transformed by centered log-ratio (CLR) for samples
of the discovery cohort (UU) and validated cohorts (UMandAC-ICAM).
Prior to transformation, zero values in the compositional matrix were
imputed using the Bayesian multiplicative replacement method (R
package zCompositions, v1.5.0-3)65.

Comparison of tissue-resident microbiota between the right- and
left-sided CRC tissues. CRC tissue samples were categorized by
colonic location of the primary tumor: right-sided colon (caecum,
ascending, hepatic flexure and transverse colon), left-sided colon
(splenic flexure, descending colon, sigmoid and rectosigmoid junc-
tion), and rectum (distal 15 cm from the anal verge). To mitigate
impacts of disease status on microbial composition, all location-
related analyses were conducted separately for tumors and NATs.

Based on the UU discovery cohort, we applied Permutational
analysis of variance (PERMANOVA) to quantify the proportion of
compositional variance of tissue-resident microbiota explained by
host factors in NATs (n = 313) and tumors (n = 775). PERMANOVA was
conducted using Bray-Curtis dissimilarity matrix at the genus level.
Pseudo-F statistics were computed to quantify compositional varia-
tions for PERMANOVA. D-MANOVA66 was used to estimate asymptotic
P values. A Benjamini-Hochberg (BH)-adjusted P <0.05was considered
statistically significant (R functionadonis2 inpackage vegan, v2.5-7).

We next performed MaAsLin267 on CLR-transformed abundance
data of microbial genera and species to identify location-specific taxa
after adjusting for age, sex, and prokaryotic read counts (R package
MaAsLin2, version 1.14.1). Model coefficients (estimates) were cal-
culated to indicate the strength and direction of taxa enrichment
patterns. Due to similarities in microbial composition between the left
colon and rectum, wemerged samples from these two locations into a
“left-sided” category (Supplementary Fig. 2a−c). Microbial differences
were reassessedbetween the right- and left-sided colorectal samples in
the UU cohort and validated in UM and AC-ICAM (tumors only)
cohorts. A BH-adjusted P < 0.05 was considered statistically significant
for the UU discovery cohort and at a P value of < 0.05 for validation
cohorts.

We also conducted partial Spearman’s correlation analysis to
assess associations betweenRAs of tissue-resident taxa and expression
levels of host pathways (Reactome database) in tumors from UU, UM
and AC-ICAM cohorts, separately. The covariates included age, sex,
anatomical location, and prokaryotic read counts. A BH-adjusted
P < 0.05 was considered statistically significant for the UU cohort, and
a P value of < 0.05 for validation cohorts.

Assessment of location-specific microbial differences using fecal
shotgun metagenomes of CRC patients. To determine whether tis-
sue-derived, location-specificmicrobial features are detectable in fecal
samples, we analyzed 538 fecal metagenomes from CRC patients with
documented tumor anatomical locations across five independent
cohorts14,68–71. Fecal microbes were identified and quantified using the
same analytical pipeline established in the U-CAN cohort to ensure
consistency. Microbial abundance differences were evaluated using
Wilcoxon rank-sum test, and taxawith a P < 0.05 in at least two cohorts
were considered as repeated location-specific features (Supplemen-
tary Fig. 2h)

Comparison of tissue-resident microbiota between tumors
and NATs. Differential abundance analysis was performed on paired
tumor and NAT tissues from UU (n= 313 pairs) and UM (n= 162 pairs)
cohorts using MaAsLin2. The Shannon index and CLR-transformed
abundances of genera and species were analyzed using linear mixed-
effect regressionmodels, with patient ID as a randomeffect, and tissue
types (tumor vs. NAT), age, sex, anatomical location, and prokaryotic
read counts as fixed effects. Considering significant location differ-
ences in microbial composition, we also analyzed paired tumor and
NAT tissues separately from right- and left-sided CRC, adjusting for
age, sex, and prokaryotic read counts. Significance was determined at
BH-adjusted P value of <0.05 for UU and at P value of <0.05 for the
validation cohort (UM).

Determination of clade-level taxonomy of Fn subspecies
animalis (Fna). To determine the clade-level taxonomy of Fna sub-
species identified in our tumor samples, we evaluated average
nucleotide identity (ANI) between the UHGG Fna reference genome
and the recently identified Fna clades (Fna C1: GCF037889065.1 and
Fna C2: GCF037889045.1)12. We found that the UHGG Fna genome
GUT_GENOME096031 exhibited 97%ANIwith FnaC2but amuch lower
ANI (≤93%) with Fna C1 or other Fn subspecies, indicating that the Fna
identified in U-CAN belongs to the Fna C2 clade.

Species-level identification of Treponema in CRC tumors. Although
members of the genus Treponema are rarely detected in fecal samples
from urban populations72,73, they were frequently enriched in CRC
tumor tissues across cohorts10,34,74,75. To resolve the species-level tax-
onomy of Treponema detected in CRC tumor tissues, we mapped
microbial reads mapped to a curated set of high-quality Treponema
referencegenomes, including twogut-resident species fromtheUHGG
database (T. succinifaciens and T. berlinense) and 17 oral-resident spe-
cies from NCBI (Supplementary Data 6E). Genome-wide ANI between
gut- and oral-resident Treponema species was between 75 and 80%,
suggesting their phylogenetic divergence. For species assignment, we
quantified the proportion of Treponema-aligned reads that mapped to
each reference genome. Over 90% of Treponema reads in tumor
samples were assigned to oral residents, such as T. denticola, T. med-
ium, and T. maltophilum (Supplementary Data 6E).

Microbiota-based random forest models for classifying right- vs.
left-sided, and tumor vs. NATs tissues. We developed two indepen-
dent random-forest (RF) models to evaluate how well tissue-resident
microbiota distinguish anatomical locations (right-sided vs. left-sided)
and tissue types (tumor vs. NAT), respectively. Modelswere built using
CLR-transformed abundances from common tissue-resident prokar-
yotic taxa. The left-right classifier was trained on all UU tumors
(n = 775) using 5-fold cross-validation (CV) and evaluated on multiple
independent datasets: UU NATs (n = 313), UM tumors (n = 162) and
NATs (n = 162), and AC-ICAM tumors (n = 167). Similarly, the tumor-
NAT classifier was developed by training on all UU paired tissues
(n = 313 paired tumors and NATs) using 5-fold CV, and tested on 162
independent paired tissues from the UM cohort. A separate RF model
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was applied to fecal samples of CRC patients in the
Yachidas_2019 study (167 left-sided and 83 right-sided CRC tumors)
using 5-fold CV14.

RF models were computed using the R package randomForest
(v4.7-1.1). Model performance was evaluated based on the area under
the receiver operating characteristic curve (AUC), implemented in the
R package pROC (v1.18.0).

Part 3 Associations between host genetic alterations and tissue-
resident taxa in CRC tumors. To assess associations between host
genetic alterations and tumor-residentmicrobes, weappliedMaAsLin2
to compare relative abundances of microbial taxa between hypermu-
tated (HM) and non-hypermutated (nHM) tumors across UU, UM and
AC-ICAMcohorts. Themodels included age, sex, colonic locations, and
prokaryotic read counts as covariates, we further conducted partial
Spearman’s correlation analysis between taxon abundances and the
number of somatic mutations (single nucleotide variations, SNVs),
adjusting for the same covariates as above.

We then extended the MaAsLin2 models to assess relationships
between microbial abundances and genetic alterations in CRC driver
or DNA damage response and repair (DDR) genes. Tumors were
categorized into wild-type and mutant groups based on the presence
of SNVs or loss of heterozygosity (LOH) in specific genes. To ensure
adequate statistical power, we excluded genes with SNVs or LOH
events observed in fewer than 20 tumors in the UU cohort. This
resulted in the inclusion of 83 driver genes and 35 DDR genes for SNV
analysis, and91 driver genes and69DDRgenes for LOH-based analysis.
A BH-adjusted P <0.05 was considered statistically significant for UU,
and a P <0.05 for two validation cohorts.

Identification of pks+ associated CRC mutation signatures. The
colibactin-encoding pks gene island in CRC tumorswas detected using
shortBRED76 (V0.9.5), a validated tool for high-specificity, marker-
based functional profiling in metagenomic data. Virulence protein
sequences, including the 19 clb genes (clbA–clbS), were retrieved from
the Virulence Factor Database77 (VFDB, release 2022.12.23), and
ShortBRED-Identify was applied to generate gene-specific peptide
markers using UniRef90 as the background to minimize non-specific
matches. A tumor sample is considered pks-positive if at least one clb
gene (among clbA–clbS) has ≥1 unique ShortBRED marker hit (Sup-
plementary Data 7). Based on this approach, 17.4% (135/775) of UU
tumors were classified as pks-positive (pks + ). On average, seven dis-
tinct pks genes were identified per pks+ tumor.

ShortBRED-Quantify was used to estimate gene relative abun-
dance, by normalizing read counts (marker hits) to the effective length
of the gene-specific peptide markers and sequencing depth (reported
as “normalized counts” in RPKM). The relative abundance of the pks
islandwasquantified by summing the gene-level abundances across all
clb genes (Supplementary Data 7). Spearman’s rank correlation ana-
lysis was applied to assess relationships between E. coli abundances
and pks RPKM, as well as between pks abundance and the activity of
COSMIC mutational signatures within the 775 tumors. Partial Spear-
man’s correlation was used to determine whether specific mutational
signatures were enriched in pks+ tumors in the full UU cohort and the
nHM tumor subset adjusting for age, sex, location, and prokaryotic
read counts. A P < 0.05 was considered statistical significance. Fisher’s
exact test was conducted to compare the prevalence of individual
COSMIC signatures between pks+ and pks- tumors.

Part4: Associations between host expression levels and tissue-
resident taxa in CRC tumors
Microbial composition and host gene expression profiles in CMS
subtypes. A total of 709 UU tumors were classified into four CMS
subtypes (CMS1 = 138, CMS2 = 224, CMS3 = 92 and CMS4 = 255) as
described previously9. Enrichment patterns of tissue-resident taxa and

pks-island were investigated for each subtype as compared to all other
subtypes using MaAsLin2 models, adjusting for sex, age, colonic
location, and prokaryotic read counts. A BH-adjusted P <0.05 was
considered statistically significant.

CMS-dependent associations between RAs of tissue-resident taxa
and host gene expression levels. A total of 14 cancer-related path-
ways (PROGENy)78, 36 previously-reported CMS-featured pathways9,
two well-established scoring systems that evaluate the abundance and
activity of T-lymphocytes (T-cell score79 and Immunoscore80), cyto-
kines involved in immunosuppression (IL-6, IL-10, and CXCL12), path-
ways and signatures related to anti-tumor immune (CD8 +T effector81,
TMEscoreA82), immunosuppression (TNFα78, T cell exhaustion, T cell
regulatory83), and tumor immune escape (TGF-β78, CAF, MDSC, TAM83,
TMEscoreB82), and 21 types of tumor-infiltrating immune cells
(CIBERSORT)84 were included in analysis. Enrichment patterns of
cancer pathways, CMS-featured pathways and immune cells were
investigated for each subtype as compared to all other subtypes using
two-sample T-test. Partial Spearman’s correlation analysis was con-
ducted to assess associations between tissue-resident taxon abun-
dances and host gene expression levels within each CMS subtype.
Covariates included age, sex, colonic location, and prokaryotic read
count. A BH-adjusted P < 0.05 was considered statistically significant.

Identification of CMS-dependent prognostic impact of tumor-
enriched taxa and pks island. The identification of prognostic-
related tissuemicrobeswas conducted in stage I-III patients from three
cohorts: UU (n = 689), UM (n= 150) and AC-ICAM (WGS= 149,16S rRNA
amplicon=224). We first performed univariate Cox proportional
hazardmodels to identify host clinical variables associated with 5-year
overall survival (OS) and relapse-free survival (RFS) in UU patients (R
function coxph in survival package, version 3.5-5). The clinical
variables included age, sex, tumor stage (I vs. II and I vs. III), tumor
grade (low vs. high), tumor locations (right- vs. left-sided), post-
surgical treatment (yes vs. no), hypermutation status (HM vs. nHM),
microsatellite instability status (MSS vs. MSI), total number of SNVs,
and CMS subtypes. From this analysis, five variables (age, tumor stage,
grade, location, and post-surgical treatment) were significantly asso-
ciated with 5-year OS or RFS (P <0.05) and were subsequently taken as
covariates in microbiome -based multivariate survival models.

We then assessed the CMS-dependent prognostic effects of
tumor-enriched taxa and the presence of pks-island in stage I-III UU
tumorsusingmultivariate Coxproportional hazardmodels. Covariates
included the five variables from the univariate analyses, and prokar-
yotic read counts to account for microbial sequencing depth. Before
modeling, microbial RAs were log10 transformed and normalized to
Z-scores. Hazard ratios (HRs) with 95% confident intervals (95%CI) and
P-values forbothOSor RFSwereestimatedusing the coxph function (R
package survival, V 3.5-5). A BH-adjusted P <0.05 was considered sta-
tistically significant. Forest plots were generated using the forest
function in the R package forestploter (version 1.1.0). Kaplan–Meier
curves were generated using ggsurvplot from R package survminer
(version 0.4.9).

To validate the association between Enterobacteriaceae abun-
dance and 5-year OS specifically within CMS2 subtype, we further
applied the same survival models to WGS dataset from UM and AC-
ICAM cohorts (stage I-III CMS2 tumors, n = 98, other CMS subtypes
n = 178), and 16S rRNA amplicon data from AC-ICAM patients (stage I
−III tumors, n = 55, others, n = 134). For validation analyses, P < 0.05
was considered statistically significant.

Part5: Assessing the prognostic impacts of tissue-resident micro-
biota in tumors and NATs
Identification of prognostic taxa independent of host variables. We
next analyzed highly prevalent taxa (prevalence≥ 50%) to identify
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microbes with prognostic value independent of clinicopathological
factors. Multivariable Cox proportional hazard models were con-
ducted separately tumor-resident and NAT-resident taxa in patients
with stage I-III CRC (tumors=689, NATs=288), adjusting for five host
prognostic factors (age, tumor stage, tumor grade, tumor location,
and post-surgical treatment) and prokaryotic read counts.

In UU tumors, 122 taxa were identified as significant prognostic
biomarkers at BH-adjusted P <0.05. In UU NATs, 34 prognostic taxa
were identified at a threshold of P <0.01. Prognostic associations of
the tumor-derived taxa were further investigated in each CMS subtype
within UU cohort, and the overall UM and AC-ICAM cohorts (stage I-III
patients only). A P <0.05 was used for validation cohorts.

Construction of tumor- andNAT-derivedmicrobial risk score (MRS-
T and MRS-N). To quantify the combined prognostic contribution of
microbial communities, we constructed microbial risk scores in
tumors (MRS-T) and NATs (MRS-N), respectively. The MRS was not
developed using a machine learning model but a mathematically
defined index that integrates both the number and relative abun-
dances of prognostic taxa identified in the discovery cohort, using a
previously developed formula85:

MRST=N = log
10

RN +
jN + j

P
i2IM +

jpilnðpiÞj
RN�
jN�j

P
j2IM�

jpjlnðpjÞj

0

@

1

A ð1Þ

Where |N + | and |N-| represent the total number of prognostic taxa
significantly associated with shorter (HR > 1) and longer survival
(HR < 1), respectively. RN+ and RN- denote the richness (number of
prognostic taxa) of taxa associated with shorter and longer OS/RFS in
each sample. Pi and pj represent the relative abundances of taxa
associatedwith shorter and longerOS in each sample. This approach is
conceptually similar to established microbial diversity indices, which
provide a simple and interpretable framework for integrating multiple
prognostic taxa into a single quantitative index. Briefly, theMRS-T and
MRS-N values were calculated for stage I-III patients in the UU cohort,
and subsequently evaluated in independent cohorts, including stage
I-III patients fromUMandAC-ICAMcohorts, and stage IV patients from
the U-CAN cohort.

Assessing the prognostic impacts of MRS-T and MRS-N. Multi-
variable Cox proportional hazardmodels were applied to estimate the
independent HRs of MRS-T and MRS-N for OS and 5-year RFS in stage
I-III patients from the UU (tumors=689, NATs=288) and UM cohorts
(tumors=150, NATs=150), adjusting for the five host prognostic factors
and prokaryotic reads counts. For the AC-ICAM cohort (stage I-III
tumors=147), HRs of MRS-T for OS were adjusted for age, tumor
location, stage, and prokaryotic read counts. For stage IV patients in
U-CAN (n= 98; UU= 86 and UM= 12), multivariable models were
adjusted for age, tumor location, grade, post-surgical treatment, and
prokaryotic reads counts. A P <0.05 was considered statistically
significant.

The Improvement inprognostic accuracy conferredbyMRS-T and
MRS-N was evaluated using the Concordance index (C-index)86 (cin-
dex function in dynpred package, v0.1.2), by comparing
microbiome-based models with host-only models across UU, UM, and
AC-ICAM cohorts. Spearman’s rank correlation analysis was further
conducted to assess the relationship between paired MRS-T and MRS-
N values in UU samples (N = 288).

Associations between prognostic taxa and host gene expressions
in tumor samples. Partial Spearman’s correlation analysis was con-
ducted across three cohorts to assess the associations between the
RAs of tumor-derived prognostic taxa and host gene expression.
Covariates included age, sex, tumor location, and prokaryotic read

counts. A BH-adjusted P < 0.05 was considered statistically significant
in UU while a P < 0.05 was applied in UM and AC-ICAM cohorts. Wil-
coxon rank-sum test was applied to examine differences in proin-
flammatory cytokine and chemokine gene expression levels between
high and low MRS-T groups, divided by the median value of MRS-T.

Construction and assessment of MRS-T and MRS-N based on 16S
rRNA data from the AC-ICAM cohort. Next, 154 common genera
(prevalence≥ 10%) identified by 16S rRNA amplicon data from mat-
ched tumors and NATs of 209 stage I-III AC-ICAM patients10 were used
as an independent validationdataset for generatingMRS-T andMRS-N.
Genus abundance was log-10 transformed. Multivariable Cox propor-
tional hazardmodelswere conducted separately for tumors andNATs,
adjusting for age, tumor location and stage (coxph function in R
survival package, V3.5-5). A P <0.05 was considered as the sig-
nificance threshold. In tumors, 14 genera were identified as prognostic
biomarkers, and in NATs, 12 genera were identified. The 16S rRNA-
basedMRS-T andMRS-Nwere then constructed and their independent
prognostic effects were assessed following the same methodology,
with adjustments for relevant host clinical variables.

Statistics and reproducibility
No statistical method was used to pre-determine sample size. Samples
were included if they passedpredefinedquality-control criteria, andno
data were excluded otherwise. Two-sided tests were performed and P
values were adjusted using the Benjamini–Hochberg method. Rando-
mization and blinding were not applicable due to the observational
design of the study.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The processed non-human reads from tumor and NAT tissues of 937
CRC patients in the U-CAN study are deposited at the European
Nucleotide Archive (ENA, PRJEB86036) and the China National Gene-
Bank Sequence Archive (CNSA87, CNP0007001) of the China National
GeneBank DataBase (CNGBdb)88. Genomic variations and gene
expressionprofiles from theU-CAN study are available at the European
Variation Archive89 (EVA, PRJEB61514), and at the ArrayExpress90 (E-
MTAB-12862), and available at the CNSA (CNP0004160). The rawWGS
data can be accessed by directing to the U-CAN cancer biobank at
Uppsala University (https://www.uu.se/forskning/u-can/)9. Non-human
WGS reads from tumor tissues of 167 colon cancer patients in the AC-
ICAM study10 are publicly available via the Sequence Read Archive
(SRA) (PRJNA941834). A genus-level 16S rRNA amplicon-based abun-
dance matrix for tumor and matched healthy colon tissues from 246
patients in the AC-ICAM study were retrieved from Figshare (https://
figshare.com/articles/dataset/Supplementary_Data_AC-ICAM/
16944775). Clinical and gene expression data for the AC-ICAM study
are available from Supplementary Source Data of the study. Source
data are provided with this paper.

Code availability
The source code for generating the main figures and constructing the
Microbial Risk Score (MRS) is available to useonGitHub under theMIT
License (https://github.com/rusher321/UCAN_Microbiome). The
repository has been archived on Zenodo (https://doi.org/10.5281/
zenodo.17588313, version v1.0)91.
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