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Abstract 

Background  After resection surgery, recurrence occurs in more than 30% of colorectal cancer (CRC) patients. Previ-
ous studies have highlighted the role of the gut microbiota in CRC initiation and progression; however, the microbial 
features associated with recurrence remain not completely understood. In particular, integrated multi-omics biomark-
ers, the interactions between microorganisms, as well as those between microbes and the host, and their relevance 
to recurrence risk require further investigation.

Results  In this study, 120 tumor mucosal samples collected during surgery from CRC patients underwent 16S rRNA 
gene sequencing and LC–MS metabolomic profiling. Recurrence status was determined through postoperative follow-
up. Compared to the relatively minor variations in mucosal microbial and metabolomic signatures across different tumor 
node metastasis (TNM) stages, recurrent patients exhibited a distinct landscape. Machine learning analysis identified 
an integrated signature comprising five bacterial genera (Peptostreptococcus, Fusobacterium, Bacteroides, Porphyromonas, 
and Prevotella) and five metabolites (alanylglutamic acid, putrescine, arginine, histidine, and sebacic acid), which dem-
onstrated strong discriminatory performance between recurrent and non-recurrent patients (AUC = 0.89). By integrating 
10 biomarkers, a comprehensive risk score for patient stratification was derived. After adjusting for TNM stage, patients 
classified as high-risk had a significantly shorter recurrence-free survival (adjusted HR = 1.59, 95% CI 1.35–1.88, P < 0.0001). 
The microbial biomarkers Fusobacterium and Peptostreptococcus displayed positive correlation and were observed to co-
aggregate and form dense dual-species biofilms. Further cellular and murine experiments revealed that P. anaerobius 
significantly enhanced the adhesion of F. nucleatum to tumor cells and its colonization of colonic mucosa. KEGG pathway 
analysis of differential metabolites identified enrichment of arginine and proline metabolism pathways in the recur-
rence group. Concurrently, arginine was found to disrupt F. nucleatum–P. anaerobius co-aggregation, while its metabolite 
putrescine significantly promoted dual-species biofilm formation.
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Conclusion  Our study identified integrated microbial and metabolic features associated with CRC recur-
rence and proposes an exploratory risk stratification framework. Furthermore, a previously unrecognized link 
between pathobionts and metabolites relevant to recurrence was reported, which requires further validation 
in a larger independent cohort.
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Background
Colorectal cancer (CRC) represents the third most preva-
lent malignancy globally and is the second leading cause 
of cancer-related mortality [1, 2]. For patients with stage 
II or III CRC, surgical resection constitutes the stand-
ard of care; however, postoperative recurrence occurs in 
over 30% of these individuals [3, 4]. It is estimated that 
80% of colon cancer recurrences manifest within the first 
3 years following surgical resection [5]. Conventional his-
topathological criteria for tumors, including TNM stage, 
tumor grade, and the presence of carcinoma cells within 
tumor vasculature or lymphatic channels, have been 
associated with postoperative recurrence outcomes [6]. 
Given the considerable inter-observer variability in the 
assessment of these pathological entities [6, 7], the devel-
opment of prognostic biomarkers targeting the molecular 
pathogenic pathways underlying CRC development and 
metastasis is required. This will allow for refined prog-
nostic stratification of CRC patients following surgery.

Genetic and environmental factors are significant 
contributors to tumor development. Gastrointestinal 
malignancies, owing to their proximity, are profoundly 
influenced by the gut microbiota [8, 9]. Within CRC 
pathogenesis, the gut microbiota has been identified as 
a distinct environmental risk factor, primarily impact-
ing CRC progression through genotoxicity, host immune 
modulation, and activation of carcinogenic signal-
ing pathways [10]. For instance, colibactin secreted by 
pks + E. coli induces DNA interstrand crosslinks, leading 
to mutations in colonic epithelial cells and promoting 
CRC tumorigenesis [11, 12]. Numerous studies report 
that enrichment of F. nucleatum is associated with CRC 
initiation, progression, and poor prognosis [13–16]. Fur-
thermore, F. nucleatum colonization established in pri-
mary CRC has been observed to persist within distant 
metastases coexisting with mixed bacterial communi-
ties [17]. Within these sites, F. nucleatum continues to 
facilitate tumor growth and promote chemoresistance 
by stimulating cancer cell autophagy [18]. The intestinal 
metabolome, serving as the chemical interface between 
the host and gut microbiota, reflects metabolomic 
alterations associated with tumor cell states and holds 
significant potential for application in CRC diagnosis 
and recurrence prediction [19–22]. Microbiota-derived 

metabolites influence CRC pathogenesis in a remarkably 
broad manner. For instance, bile acids tauro-β-muricholic 
acid (T-βMCA) and deoxycholic acid (DCA) antagonize 
intestinal farnesoid X receptor (FXR) signaling, thereby 
promoting the proliferation of intestinal cancer stem cells 
[23]. Conversely, the short-chain fatty acid butyrate acts 
as a histone deacetylase (HDAC) inhibitor, stimulating 
apoptosis to prevent CRC initiation [24]. However, the 
production of metabolites associated with CRC recur-
rence and their potential biological roles in both the host 
and microbiota remain poorly defined. Notably, mucosal 
sites represent a significant source of the intratumoral 
microbiota, while hematogenous dissemination may 
also contribute to pathogen invasion [25, 26]. The bacte-
rial driver–passenger model further suggests that domi-
nant pathogenic bacteria within tumors create ecological 
niches favorable for the colonization of other microbes 
[27, 28]. Therefore, integrated microbiome and metabo-
lomic analysis of mucosal tissues is required to elucidate 
the interactions between the microbiota and metabolites 
within the tumor microenvironment and their role in 
CRC recurrence.

Untargeted metabolomics and microbiome profil-
ing technologies enable comprehensive characterization 
of the diverse microbial taxa and metabolites present 
within tissue samples; however, the processing of these 
massive datasets and interpretation of their clinical rel-
evance remain challenging. The machine learning-driven 
analysis has advantages in dealing with high-dimensional 
features and nonlinear relationships in omics data [29]. 
These approaches allow for the development of predic-
tive models using screened biomarkers and support 
patient risk stratification. Recent studies have demon-
strated the utility of machine learning algorithms in dis-
tinguishing CRC patients at different disease stages [21], 
and in predicting postoperative recurrence risk and sur-
vival outcomes using long non-coding RNA (lncRNA) 
signatures and histopathology images [30, 31]. However, 
studies specifically focused on identifying integrated 
multi-omics signatures to stratify postoperative recur-
rence risk among CRC patients remain limited. Machine 
learning algorithms could therefore be leveraged to 
uncover distinct microbiota compositions and meta-
bolic pathways within the tumor microenvironment of 
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recurrent patients, thereby facilitating the development 
of novel prognostic biomarkers for postoperative recur-
rence risk management.

Here, we profiled the tumor mucosal microbiome 
of 125 CRC patients using 16S rRNA gene amplicon 
sequencing and characterized the corresponding metab-
olomic landscape in a subset of samples (n = 120) using 
LC–MS. Recurrent patients exhibited distinct microbial 
and metabolomic signatures compared to those with 
stage I-III CRC who remain recurrence-free. A machine 
learning analysis was conducted by integrating multi-
omics data and clinical follow-up information to identify 
candidate features related to the risk of recurrence. The 
resulting model was able to distinguish patients with and 
without postoperative recurrence. These prognostic fea-
tures were further integrated into a composite risk score, 
with higher-risk patients showing significantly shorter 
recurrence-free survival (RFS). Furthermore, correlation 
analysis between bacterial abundance and metabolite 
levels, combined with experimental validation, revealed 
that arginine and its metabolite putrescine modulate 
the adhesion and biofilm formation of CRC-associated 
pathobionts F. nucleatum and P. anaerobius. Collectively, 
these findings highlight the potential biological role of 
metabolic biomarkers in modulating bacterial interac-
tions within the tumor microenvironment.

Materials and methods
Patient recruitment and sample collection
This study enrolled 126 pathologically confirmed CRC 
patients who underwent curative or palliative resection 
at Tianjin Union Medical Center between October 2021 
and December 2022. Exclusion criteria included: (1) 
history of colorectal surgery or any type of malignancy 
(except for CRC); (2) previous chemotherapy, radio-
therapy, immunotherapy, or neoadjuvant treatment; (3) 
intestinal obstruction or other severe systemic diseases; 
(4) use of antibiotics within the last month. All individu-
als in this study received standard preoperative mechan-
ical bowel preparation. During surgery, mucosal tissues 
were aseptically collected from tumor sites, immediately 
placed into cryopreservation tubes, flash-frozen in liquid 
nitrogen, and stored at − 80  °C. According to the insti-
tution’s clinical practice, all patients received prophy-
lactic intravenous cefuroxime sodium injections after 
surgery. A total of 69% of patients received postopera-
tive adjuvant chemotherapy. The TNM staging followed 
the American Joint Committee on Cancer (AJCC) stag-
ing handbook. Postoperative recurrence was determined 
through regular clinical examinations, telephone follow-
ups, and radiological assessments. One tissue sample 
was excluded due to quality control (QC) failure prior to 
16S rRNA sequencing. Ultimately, 16S rRNA sequencing 

was performed on 125 tissue samples, and untargeted 
metabolomic profiling was conducted on 120 samples 
with sufficient remaining tissue. The datasets used in 
each statistical and machine learning analysis are further 
illustrated in Supplementary information (Fig. S1). This 
study protocol adhered to the principles of the Declara-
tion of Helsinki and received approval from the Ethics 
Committee of Tianjin Union Medical Center (2021-B37). 
Written informed consent for sample collection and 
subsequent analysis was obtained from all participants. 
Detailed patient-level clinical information, including 
TNM stage and recurrence status, is provided in Supple-
mentary file S1.

DNA extraction and 16S rRNA amplicon sequencing
Genomic DNA was extracted from mucosal samples 
using the ZR Fungal/Bacterial DNA Kit (Zymo Research, 
Irvine, CA, USA) following the manufacturer’s protocol. 
DNA integrity and fragment size were verified by 1.0% 
agarose gel electrophoresis, and DNA concentration and 
purity were evaluated using NanoDrop spectrophotom-
etry (Thermo Fisher Scientific, Wilmington, DE, USA). 
The V3–V4 hypervariable regions of the bacterial 16S 
rRNA genes were amplified using the following forward 
and reverse primers: 5′–TCG TCG GCA GCG TCA 
GAT GTG TAT AAG AGA CAG CCT ACG GGN GGC 
WGC AG–3′and 5′–GTC TCG TGG GCT CGG AGA 
TGT GTA TAA GAG ACA GGA CTA CHV GGG TAT 
CTA ATC C–3′. Amplicons were purified using VAHTS 
DNA Clean Beads (Vazyme), quantified, and sequenced 
on the Illumina MiSeq platform (San Diego, CA, USA) 
using 2 × 300  bp paired-end chemistry according to the 
manufacturer’s instructions.

16S rRNA gene sequencing data analysis
Briefly, 16S rRNA gene sequencing data were pro-
cessed using QIIME2 (v2019.4). Raw paired-end reads 
were quality filtered and denoised using the DADA2 
plugin to generate amplicon sequence variants (ASVs). 
Taxonomic classification was performed using a Naïve 
Bayes classifier implemented in the q2-feature-classifier 
plug-in and trained on the SILVA database (v138.1). 
ASVs unclassified at the bacterial domain level were 
excluded from downstream analysis. Mitochondrial 
reads accounted for approximately 0.005% of the total 
sequences. Non-specific sequence features from chlo-
roplast and mitochondria were further removed using 
the remove.lineage command in mothur. Alpha diver-
sity indices (Ace, Chao, Sobs, and Shannon) and beta 
diversity metrics (Bray–Curtis and unweighted UniFrac 
distance) were calculated using mothur. The relative 
abundance of bacterial genera for all samples is shown 
in the Supplementary file S2.
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Metabolite extraction and LC–MS analysis
Mucosal samples were extracted with 1  ml of ice-cold 
methanol aqueous solution (4:1, v/v), followed by ice-
bath sonication for 30  min and incubation at −  20  °C 
for 1  h. After centrifugation (16,000 × g, 20  min, 4  °C), 
supernatants were collected and evaporated to dryne1ss. 
For LC–MS analysis, residues were reconstituted in 
100 μl methanol aqueous solution (1:1, v/v), centrifuged 
(20,000 × g, 15 min, 4 °C), and supernatants injected into 
a SHIMADZU LC-30A UHPLC system equipped with 
an ACQUITY UPLC® HSS T3 column (2.1 × 100  mm, 
1.8  μm; Waters, Milford, MA, USA). Chromatographic 
separation was performed at 40  °C with a flow rate of 
0.3 ml/min using 0.1% formic acid in water (mobile phase 
A) and acetonitrile (mobile phase B) under the following 
gradient program: 0–2 min (0% B), 2–6 min (linear gradi-
ent 0–48% B), 6–10 min (48–100% B), 10–12 min (100% 
B held), 12–12.1 min (100–0% B), and 12.1–15 min (0% 
B re-equilibration). Mass spectrometric detection was 
performed on a Q Exactive™ Plus instrument (Thermo 
Scientific) operated in both positive and negative electro-
spray ionization (ESI) modes, with a scan range of m/z 
70–1050. Raw LC–MS data were processed using MS-
DIAL for peak detection, alignment, retention time (RT) 
correction, and peak area extraction, with metabolite 
identification achieved through interrogation of HMDB, 
MassBank, GNPS databases, and in-house standards, 
where only matched RT, MS, and MS/MS spectra were 
considered for annotation. System stability validation 
incorporated both QC sample base peak chromatogram 
consistency assessment and principal component analy-
sis (PCA) clustering evaluation across all samples.

For the merged LC–MS data (positive and negative 
modes), peak areas were normalized to the total ion 
current and then multiplied by 106 for numerical scal-
ing. Metabolic features with more than 50% missing 
values across samples or with a relative standard devia-
tion (RSD) exceeding 30% in QC samples were removed. 
Furthermore, HMDB 5.0 was used to select endogenous 
metabolites [32], in order to remove those derived from 
food, drugs, or other exogenous sources [21]. Sparse par-
tial least squares discriminant analysis (sPLS-DA) was 
applied for comparisons among three groups (stages I, II, 
and III), while orthogonal partial least squares discrimi-
nant analysis (OPLS-DA) was used for two-group com-
parisons, enabling dimensionality reduction and group 
discrimination for differential metabolite screening. 
Detailed metabolite annotations and intensity data are 
provided in Supplementary file S3.

Mfuzz soft clustering analysis
Following z-score normalization of bacterial and metab-
olite relative abundances, soft clustering analysis was 

performed using the Mfuzz algorithm based on fuzzy 
c-means clustering to characterize stage-associated 
abundance patterns across CRC progression. All analy-
ses were conducted in R (v4.5.0) using the Mfuzz package 
(v2.68.0). To determine the optimal number of clusters, 
a continuous range of cluster numbers (k = 2–9) was sys-
tematically evaluated using the Elbow method based on 
within-cluster variance. For each candidate k, the fuzzi-
fier parameter (m) was estimated using the standard 
Mfuzz procedure, and the inflection point was identified 
based on quantitative changes in variance reduction [33]. 
Based on this assessment, four clusters were selected for 
microbial taxa and five clusters for metabolites, and these 
cluster numbers were used for downstream analysis. 
Cluster membership values were calculated to quantify 
the degree of association of each feature with individual 
clusters. For visualization, abundance patterns were dis-
played using raincloud plots generated with the ggplot2 
(v3.5.2) and gghalves (v0.1.4) packages. Representative 
microbial genera were further summarized using a heat-
map (Fig. S3), focusing on taxa with a relative abundance 
greater than 0.01% in at least 50% of samples. In addition, 
the top three metabolites with the highest membership 
values within each cluster were visualized using rain-
cloud plots (Fig. S4C).

Random forest modeling with LASSO‑based feature 
selection
A Random Forest (RF) classifier, coupled with Least 
Absolute Shrinkage and Selection Operator (LASSO)-
based feature selection, was developed to predict CRC 
recurrence [34]. The initial input feature matrix con-
sisted of relative abundance profiles of 434 bacterial gen-
era derived from tumor mucosal microbiome profiling. 
LASSO regression was employed for feature selection 
to address the high-dimensional nature of the data and 
to identify informative features for the binary classifica-
tion task, as L1 regularization shrinks less important 
feature coefficients to zero, thereby reducing overfitting 
and improving model generalizability and interpretability 
[35]. Given that microbiome relative abundance data are 
compositional and thus exhibit feature dependence due 
to the sum-to-constant constraint, LASSO was applied 
in the context of predictive modeling, where the goal was 
biomarker selection for binary classification rather than 
inference of full community interaction structures. In 
this setting, LASSO can reduce redundancy by selecting 
representative features from correlated feature sets. By 
the end of follow-up, postoperative recurrence had devel-
oped in 27 CRC patients. To reduce potential confound-
ing and class imbalance effects in machine learning, 
samples were balanced for TNM stage, age, gender, tumor 
location, and tumor differentiation. A matched cohort 
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of 27 recurrent and 27 non-recurrent CRC patients was 
included for comparative analysis and RF modeling. The 
cohort was randomly split once into a training set (70%) 
and an independent test set (30%) using stratified sam-
pling to maintain class proportions. To ensure unbiased 
performance estimation, all feature selection, data trans-
formation, and model training procedures were restricted 
to the training data. The test set was used solely for final 
evaluation and was not involved in any preprocessing or 
model optimization steps. Feature-wise mean-centering 
transformation was applied. Next, feature selection was 
performed using LASSO regression with an L1 regulari-
zation coefficient (α) of 0.01 and a maximum of 1000 iter-
ations. Features with non-zero coefficients were selected. 
Crucially, to enhance the stability of the feature selection 
process, LASSO was fitted within a repeated stratified 
five-fold cross-validation (CV) framework, in which the 
composition of the training folds varied across iterations, 
and the frequency of feature selection was computed 
across all resampling iterations. Five microbial features 
with non-zero selection frequency were retained as the 
final candidate predictive feature set. An RF classifier 
(with 100 estimators and Gini impurity criterion) was 
trained using the selected features. The predictive per-
formance was evaluated on a single independent test set 
using metrics including accuracy, precision, specificity, 
and sensitivity, along with confusion matrix visualization. 
The receiver operating characteristic (ROC) curves were 
generated, and the area under the curve (AUC) was cal-
culated. To estimate the robustness of the model, a 95% 
confidence interval (CI) for AUC was estimated through 
stratified bootstrap resampling (1000 iterations) on the 
test set, preserving class proportions.

In parallel, a metabolome-based machine learning 
model was constructed following the aforementioned 
methodology. Initially, normalized intensity values of 
46 differential metabolites derived from untargeted 
metabolomics analysis were used as candidate features 
for LASSO-based feature selection, and the analysis was 
applied to a cohort of 52 samples partitioned with a test 
size proportion of 0.3 (training set n = 36, test set n = 16). 
Notably, numerical features underwent z-score normali-
zation. Similarly, the five top-selected metabolic predic-
tors were identified using the LASSO-RF framework.

Furthermore, these metabolic features were integrated 
with the previously selected microbial features to construct 
a combined multi-omics RF classifier comprising ten pre-
dictors (five genera and five metabolites). All analyses were 
conducted using scikit-learn (v1.2.2) in Python (v3.11).

Model interpretability analysis
Model interpretability was assessed using Shapley Addi-
tive exPlanations (SHAP) [36]. Shapley values were 

computed using the TreeExplainer algorithm. Global 
model interpretation was performed using SHAP sum-
mary plots in a violin-style format, which visualize the 
distribution of Shapley values across samples for each 
feature within the model, thereby illustrating the model-
based contribution of input features to the prediction of 
postoperative CRC recurrence.

Integrated microbiome‑metabolite risk score construction 
and survival analysis
In the preceding analysis, LASSO-selected microbial and 
metabolic features were first evaluated using a conven-
tional RF classifier to assess their combined discrimina-
tive performance for binary postoperative recurrence 
status, as an exploratory analysis without incorporating 
survival time or tumor stage. To extend this analysis, 
a random survival forest (RSF) framework was subse-
quently applied using the same feature set to derive an 
integrated risk score [37], enabling time-to-event mod-
eling and downstream prognostic stratification analysis 
with adjustment for tumor stage.

The analysis was conducted on 115 patients out of a 
total of 120 patients in the complete cohort, with pre-
cise surgical dates, allowing accurate calculation of RFS. 
It included five microbial taxa and five metabolic fea-
tures. Microbial abundances were zero-imputed using 
a pseudo-count of 1 × 10–6 and transformed by cen-
tered log-ratio (CLR), while metabolite intensities were 
standardized by z-score normalization. All modeling 
procedures were implemented in R using the randomFor-
estSRC package (v3.4.1). To ensure unbiased risk estima-
tion, the microbiome-metabolite risk score was generated 
within a stratified 5-fold cross-validation scheme based 
on recurrence event status. Within each training fold, an 
RSF model was fitted using RFS time (months) and recur-
rence status, with 1000 survival trees. The risk score was 
defined as the expected number of recurrence events for 
each patient. It was derived from the ensemble cumula-
tive hazard estimated by the RSF model, using the predict 
function implemented in the randomForestSRC package. 
This metric aggregates the cumulative hazard across all 
trees in the forest, thereby capturing potential non-linear 
effects and high-order interactions between microbial 
and metabolic features. Specifically, for each patient in 
the held-out fold, the model trained on the remaining 
folds was used to predict their recurrence risk without 
access to their own outcome information.

Subsequently, patients were divided into low- and high-
risk groups based on the median risk score (low-risk, 
n = 58; high-risk, n = 57). Survival analysis was subse-
quently performed to evaluate the prognostic value of the 
integrated microbiome-metabolite risk score, with TNM 
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stage included as an adjustment variable in Cox propor-
tional hazards models. This approach was used to assess 
whether the risk score provided independent prognostic 
stratification beyond pathological stage.

Bacterial strains and culture conditions
Fusobacterium nucleatum subsp. Nucleatum (ATCC 
25586) and Peptostreptococcus anaerobius strain VPI 
4330 (catalogue number ATCC 27337) were obtained 
from the Guangdong Microbial Culture Collection 
Center (Guangdong, China). F. nucleatum and P. anaer-
obius were cultured under anaerobic conditions at 
37  °C in brain heart infusion (BHI) broth (CM1135B, 
Thermo Scientific) supplemented with 5  μg/ml hemin 
(H8130, Solarbio), 1  μg/ml vitamin K1 (VK1, V8150, 
Solarbio), and 0.5  mg/ml L-cysteine hydrochloride 
monohydrate (C0011, Solarbio). Escherichia coli strain 
MG1655 (catalogue number 700926) was cultivated 
in Luria–Bertani (LB) medium at 37  °C under aerobic 
conditions.

Bacterial aggregation and inhibition assays
After reaching the logarithmic growth phase, bacte-
rial cells were harvested by centrifugation at 5,000  rpm 
for 5 min, washed twice with sterile phosphate-buffered 
saline (PBS), and resuspended in PBS. Equal volumes 
(0.5  ml) of each bacterial suspension were mixed in a 
cuvette, gently vortexed for 10 s, and the optical density 
at 600  nm (OD600) was measured immediately (desig-
nated as the 0 h time point). The mixture was then incu-
bated under anaerobic conditions at 37  °C for 2 or 5  h, 
after which the OD600 was recorded (2  h or 5  h time 
point). The aggregation percentage was calculated using 
the following formula:

For inhibition assays, F. nucleatum was pre-incubated 
with 50  mM L-arginine or D-galactose at 37  °C for 
10 min. Subsequently, an equal volume of P. anaerobius 
suspension was added, and the co-culture was incu-
bated anaerobically at 37  °C for 2 or 5 h prior to OD600 
measurement.

Bacterial growth curves
Bacterial growth curves were determined by monitor-
ing OD600. F. nucleatum and P. anaerobius were ini-
tially cultured anaerobically in BHI broth for 24 h. For 
monoculture controls, each bacterium was inoculated 
at 1 × 106  CFU per well in 200  µL of fresh BHI broth. 

Aggregation(%) = 100%−

OD600 at 2h or 5h

OD600 at 0h
× 100%

For co-culture experiments, the following inocula were 
prepared in 200 µL BHI: (1) a 1:1 mixture (5 × 105 CFU 
of each species); (2) a 1:10 mixture (5 × 105  CFU F. 
nucleatum and 5 × 106  CFU P. anaerobius); and (3) 
a high-density P. anaerobius control (1 × 107  CFU). 
Plates were incubated under anaerobic conditions at 
37 °C, and OD600 was measured at 12, 24, 36, and 48 h 
post-inoculation.

To evaluate the effects of putrescine on bacterial 
growth dynamics, a 1:1 co-culture (total inoculum of 
1 × 106  CFU) was supplemented with filter-sterilized 
putrescine at final concentrations of 50, 100, or 500 µM. 
Wells supplemented with an equal volume of PBS served 
as the vehicle control. For these assays, the OD600 was 
measured at 4, 8, 12, and 24 h post-inoculation.

Biofilm assays
Biofilm formation was assessed using a crystal violet 
staining assay. Overnight cultures of F. nucleatum and 
P. anaerobius were diluted to 5 × 108 cells/ml, and 1% 
(v/v) of each culture was inoculated into fresh BHI broth 
(200 μl per well) in a 96-well plate (3599, Corning). Plates 
were incubated at 37  °C for 24 h within an anaerobic 
workstation (Gene Science, Wilmington, DE, USA) to 
allow biofilm formation. After incubation, the culture 
medium was carefully aspirated, and the biofilms were 
gently washed 2–3 times with sterile PBS. The washed 
biofilms were air-dried at 37 °C for 1 h and then stained 
with 100  μl of 0.1% (w/v) crystal violet solution for 30 
min. Excess stain was removed, and wells were washed 
2–3 times with sterile PBS. After air-drying, the bound 
crystal violet was solubilized by adding 200  μl of 96% 
(v/v) ethanol aqueous solution and incubating for 30 min. 
Biofilm biomass was quantified by measuring absorbance 
at 595 nm (OD595). To evaluate the effects of putrescine 
on biofilm formation, putrescine was added to the cul-
ture medium at final concentrations of 10 μM or 50 μM 
prior to the 24-h incubation period. Wells supplemented 
with an equal volume of PBS served as vehicle controls.

Fluorescence imaging of biofilms
F. nucleatum and P. anaerobius were labeled with 10 μM 
CellTracker™ Green CMFDA (C2925, Thermo Scien-
tific) and CellTracker™ Red CMTPX (C34552, Thermo 
Scientific), respectively, for 1  h. Subsequently, bacterial 
cells were washed three times with PBS to remove excess 
dye. The labeled bacterial suspensions were then inocu-
lated (1% inoculum) into fresh BHI medium (1  ml per 
well) in a 12-well plate (3513, Corning). For co-culture 
experiments, F. nucleatum and P. anaerobius were mixed 
at a 1:1 ratio, with equal volumes contributing to a total 
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inoculum of 1%. Plates were incubated anaerobically for 
24  h to allow biofilm formation. Following incubation, 
the biofilms were gently washed three times with sterile 
PBS. Fluorescence imaging was performed using a Nikon 
Eclipse Ti2 inverted microscope.

Confocal microscopy
The human CRC cell line HCT116 was maintained in 
Dulbecco’s modified Eagle’s medium (DMEM; 8,123,298, 
Gibco) supplemented with 10% (v/v) fetal bovine serum 
(FBS; 10,099-141C, Gibco) and 1% (v/v) penicillin–strep-
tomycin (15,140,122, Gibco). Cells were cultured at 37 °C 
in a humidified incubator with 5% CO2.

To visualize bacterial adhesion to CRC cells, HCT116 
cells were seeded in 12-well plates and grown to approxi-
mately 80% confluence. Fluorescently pre-labeled F. 
nucleatum (CMFDA) and P. anaerobius (CMTPX) were 
added to the HCT116 monolayers either individually or 
in combination at a 1:1 ratio and co-incubated for 1 h at 
37  °C at a multiplicity of infection (MOI) of 50. Follow-
ing incubation, non-adherent bacteria were removed by 
washing twice with PBS. Cells were then fixed with 4% 
(w/v) paraformaldehyde and stained with 4′,6-diamid-
ino-2-phenylindole (DAPI; D1306, Invitrogen) to visu-
alize cell nuclei. Confocal imaging was performed using 
a Zeiss LSM 800 confocal microscope (Carl Zeiss) 
equipped with appropriate laser lines and filters.

Quantification of bacterial adhesion by fluorescence 
microplate reader
HCT116 cells were seeded in black 96-well plates (3916, 
Corning) and cultured to approximately 80% confluence. 
Two hundred microliters of pre-stained bacterial suspen-
sions were added to cell monolayers at an MOI of 50 for 
individual strains (F. nucleatum alone or P. anaerobius 
alone) or at an MOI of 100 (1:1 co-culture ratio). Cells 
and bacteria were co-incubated for 1  h at 37  °C. After 
incubation, non-adherent bacteria were removed by gen-
tly washing the monolayers twice with pre-warmed PBS. 
Fluorescence intensity was then measured using a fluo-
rescent microplate reader (Spark, Tecan, Switzerland).

Murine model and bacterial colonization
Eight-week-old male C57BL/6J mice of specific patho-
gen-free (SPF) grade were obtained from Vital River Lab-
oratory Animal Technology Co., Ltd. (Beijing, China). All 

animal experiments were approved by the Animal Care 
and Use Committee of Nankai University (SYXK2019-
0001) and conducted in accordance with institutional 
guidelines. Mice were housed under a 12-h light/dark 
cycle with ad libitum access to sterile water and standard 
chow.

After a one-week acclimatization period, mice were 
treated with an antibiotic cocktail consisting of streptomy-
cin (1  mg/ml), gentamicin (1  mg/ml), ampicillin (0.5  mg/
ml), and vancomycin (0.5 mg/ml) administered via drink-
ing water for 3 consecutive days. Antibiotic-containing 
water was then replaced with sterile drinking water for an 
additional 2 days prior to bacterial inoculation.

Bacterial colonization was induced by oral gavage 
once daily for 5 consecutive days. Each mouse received 
1 × 108 CFU of either live F. nucleatum or P. anaerobius, 
or co-culture bacteria suspended in 200 μl of PBS. Fresh 
fecal samples were collected at 1-, 3-, 6-, and 9-days post-
inoculation cessation, immediately snap-frozen in liquid 
nitrogen, and stored at − 80 °C until further analysis.

Fecal colonization levels of F. nucleatum and P. anaero-
bius were quantified by quantitative PCR (qPCR). Bac-
terial genomic DNA (gDNA) was extracted using a 
Tiangen gDNA isolation kit (DP328, Tiangen) according 
to the manufacturer’s instructions. Bacterial abundance 
in fecal and colonic mucosal samples was determined 
by qPCR using ChamQ Universal SYBR qPCR Master 
Mix (Q711, Vazyme) on a CFX Connect Real-Time PCR 
System (BIO-RAD, Redmond, WA, USA). The follow-
ing primers were used: F. nucleatum, forward 5′-CTG 
TAT TGC GTT GGA AAC TGT GTA A-3′ and reverse 
5′-TAC CAG GGT ATC TAA TCC TGT TTG C-3′; P. 
anaerobius, forward 5′-AGA CGA ATT CAA GTC AGT 
AAA TAC A-3′ and reverse 5′-CTC CTA TCC ACC 
AGG ATA TCA A-3′ [38]. Primer specificity was verified 
by negative controls and melting curve analysis. Using 
gDNA from untreated mouse fecal samples as negative 
controls, all reactions yielded cycle threshold (Ct) values 
greater than 37, indicating the absence of non-specific 
amplification. Single melting peaks were observed for 
all target amplicons, confirming amplification specific-
ity and the absence of primer-dimer artifacts. Stand-
ard curves were generated using gDNA from reference 
strains of F. nucleatum and P. anaerobius. Serial four-
fold dilutions of template DNA were subjected to qPCR 
alongside experimental samples. Ct values were plotted 
against the logarithm of known template copy numbers 
to generate linear regression models. Absolute bacterial 
loads were calculated using the following formula:

DNA
copies

µl
= 6.03× 1023 × DNA concentration× 10−9/(DNA length× 660)
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Other statistical analyses and visualizations
For metabolomic analysis, differential metabolite abun-
dance was assessed using the R package MetaboAna-
lystR (version 4.0). Two-sided Mann–Whitney U tests 
were applied for two-group comparisons of unpaired 
samples, while two-sided Kruskal–Wallis tests were 
used for three-group comparisons. Metabolites with a 
P-value corrected by FDR ≤ 0.05 were considered signifi-
cantly different. Subsequently, based on the topological 
structure of the KEGG pathways, the metabolites with 
a P value ≤ 0.05 were used for metabolite set enrich-
ment analysis (MSEA). Differential abundance analysis 
of microbiome data was performed using ANCOM-BC2 
[39]. Multiple testing correction was conducted using 
the Benjamini–Hochberg method on the raw P-values to 
calculate q-values (FDR-adjusted P values). Permutation 
multivariate analysis of variance (PERMANOVA) was 
performed based on Bray–Curtis or unweighted UniFrac 
distance matrices with 999 permutations to statistically 

assess the differences in microbial community composi-
tion. For in vitro and in vivo experimental assays, includ-
ing bacterial co-aggregation, biofilm formation, bacterial 
adhesion experiments, and intestinal colonization, one-
way analysis of variance (ANOVA) followed by Dunnett’s 
or Tukey’s post hoc tests was applied for multi-group 
comparisons, as appropriate. Two-tailed Student’s t-tests 
were used for two-group comparisons. All quantitative 
data were presented as mean ± standard deviation (SD). 
Clinical variables between groups were compared using 
the chi-squared test or Fisher’s exact test, as appropriate. 
Spearman rank correlation coefficients were calculated 
using the rstatix package (v0.7.2) in R. Correlations meet-
ing the dual criteria of P < 0.05 and an absolute correla-
tion coefficient |R|≥ 0.35 were subsequently visualized as 
interaction networks using Cytoscape (v3.10.0). Statisti-
cal analysis and data visualization were performed using 
GraphPad Prism (v7.0) and R packages including ggplot2 
(v3.5.2) and patchwork (v1.3.0).

Fig. 1  Overview of the study design. A total of 126 CRC patients were enrolled in this study. Among these, 16S rRNA sequencing was performed 
on 125 tumor mucosal samples, while untargeted metabolomic assays were performed on 120 tumor mucosal samples. Integrated machine 
learning analysis of patient-derived microbiome, metabolomic, and clinical characteristics was utilized to develop a prognostic model for CRC 
recurrence. Furthermore, the interactions between biomarkers were mechanistically validated through in vitro cellular and in vivo animal 
experiments
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Results
Sample characteristics and study design
The overall workflow of this study and exact sam-
ple numbers for each analysis are documented in the 
study design schematic (Fig.  1). A total of 126 CRC 
patients were included in the cohort analysis, with 

their demographic and clinical characteristics summa-
rized in Table S1. At final follow-up (June 25, 2025), 27 
of 126 surgically resected CRC patients (21.4%) devel-
oped disease recurrence. The median follow-up dura-
tion was 33.47 months (IQR 30.93–37.07 months) and 
the median time to recurrence was 12.80 months (IQR 

Fig. 2  Alterations in microbial structure between non-recurrent and postoperative recurrent CRC patients. A-C α-diversity indices. D PCoA analysis 
of microbial community structure based on unweighted UniFrac distances, with statistical significance assessed by PERMANOVA
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7.12–21.25  months). Baseline clinical characteristics 
of matched recurrence and non-recurrence groups are 
shown in Table S2.

Differences in the microbiome features between CRC 
patients with and without postoperative recurrence
To characterize mucosal microbiome alterations associ-
ated with CRC progression and recurrence, we compared 
microbial diversity and community structure across dis-
ease stages (stage 0/I, II, III) and between patients with 
and without postoperative recurrence. While α-diversity 
(Ace, Chao, and Sobs indices) remained stable from stage 
0/I to III patients (Fig.  S2A–C), it was consistently and 
significantly reduced in recurrent patients compared 
with non-recurrent patients (P < 0.01 for Ace, Shannon, 

and Sobs indices; Fig. 2A–C). Principal coordinates anal-
ysis (PCoA) showed statistically significant differences in 
overall microbial community structure between recur-
rent and non-recurrent CRC patients (PERMANOVA, 
P < 0.001, Fig.  2D), although overlap between the two 
groups was observed, suggesting a modest yet signifi-
cant compositional shift rather than complete commu-
nity separation. No significant differences were identified 
among CRC patients at different stages (Fig.  S2D). At 
the taxonomic level, the phylum Proteobacteria and the 
genus Escherichia–Shigella showed decreasing abun-
dances with advancing disease stage (Fig. S2E, F). Mfuzz 
soft clustering analysis further identified multiple bac-
terial co-abundance clusters exhibiting synchronous 
dynamics across TNM stages (Fig. S3). Notably, Cluster 

Fig. 3  Differential microbial features between recurrent and non-recurrent CRC patients. A, B Taxonomic profiles at the phylum level (A) 
and the genus level (B). C Bar plot of linear discriminant analysis. D Heatmap of the genera relative abundance. For differential microbial analysis, 
statistical significance was determined using FDR-adjusted P-values (q values)
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4, dominated by Parvimonas, exhibited a pronounced 
stage-dependent increase, while Bacteroides in Cluster 1 
peaked at Stage II before declining.

The phyla Firmicutes, Bacteroidota, Fusobacteriota, 
Proteobacteria, and Actinobacteriota were predomi-
nant in both the non-recurrence and recurrence groups 
(Fig.  3A), with Bacteroides, Fusobacterium, Peptostrep-
tococcus, and Prevotella representing the most abun-
dant genera (Fig.  3B). In addition, linear discriminant 
analysis of effect size (LEfSe) was performed with LDA 
score > 3.5 and q-value < 0.05 thresholds to identify the 
differentially abundant bacterial species between the 
recurrent and non-recurrent CRC patients. As shown in 
Fig.  3C, the CRC group was dominated by members of 
the Ruminococcaceae and Lachnospiraceae families and 
the genus Bacteroides. In contrast, the recurrence group 
showed enrichment of Fusobacteriaceae and Peptostrep-
tococcaceae families and the genera Fusobacterium, Pep-
tostreptococcus, and Parvimonas. Moreover, the relative 
abundances of genera Alistipes (q = 0.025), Peptostrepto-
coccus (q = 0.02), Bacteroides (q = 0.035), Fusobacterium 
(q = 0.006), and Treponema (q = 0.038) were signifi-
cantly altered between the CRC and recurrence groups 
(Fig. 3D).

Together, the tumor-associated mucosal microbiome 
exhibited greater compositional stability across disease 
stages (0/I–III) than between recurrence and non-recur-
rence groups, with recurrence-associated microbiomes 
characterized by reduced α-diversity and enrichment of 
specific bacterial taxa.

Distinct mucosal metabolomic landscape associated 
with postoperative CRC recurrence
Considering microbial-host metabolic interactions, we 
performed untargeted metabolomic profiling on tumor 
mucosal samples stratified by TNM stage and postop-
erative recurrence status. After removing food-derived 
and exogenous metabolites, a total of 721 endogenous 
metabolites were identified. Firstly, the sPLS-DA analysis 
exhibited that the mucosal metabolome of TNM stages I 
to III did not show significant separation (Fig. S4A). Sub-
sequently, Mfuzz soft clustering identified progressive 
increases in anisic acid and N-acetylisoleucine through-
out the progression of CRC disease, while the trajectories 
of creatine, L-asparagine, and uracil showed a downward 
trend, as shown in Fig. S4B and C.

In contrast, a pronounced and statistically significant 
metabolic shift was observed between postoperative 
recurrent and non-recurrent CRC patients. Metabolites 
with |log2FC|> 0.58, P < 0.05, and variable importance 
in projection (VIP) ranking top 30 were highlighted in 
Fig.  4A. Metabolomic profiling identified outcome-spe-
cific metabolic alterations, with non-recurrent patients 

exhibiting elevated arginine (q = 0.038) and 3-methylu-
ric acid (q = 0.086). In contrast, metabolites enriched in 
recurrent patients included putrescine (q = 0.053), cadav-
erine (q = 0.068), and hydrocinnamic acid (q = 0.038).

To gain insights into the functional significance of 
these recurrence-associated alterations, we performed 
the MSEA. Among tumor mucosal metabolites (Fig. 4B), 
the top four significantly perturbed pathways in recur-
rent patients compared with non-recurrent CRC patients 
were arginine biosynthesis (map00220, q = 0.005), pyrim-
idine metabolism (map00240, q = 0.005), alanine, aspar-
tate, and glutamate metabolism (map00250, q = 0.005), 
and arginine and proline metabolism (map00330, 
q = 0.096). Subsequently, Spearman correlation analy-
sis (P < 0.05) revealed significant associations between 
the five differentially abundant genera (q < 0.05) and 
metabolites (top 30 VIP) in the multi-omics cohort, 
depicting potential microbiota-metabolite crosstalk 
in CRC recurrence (Fig.  S5). Metabolites enriched in 
recurrent cases were generally positively correlated 
with recurrence-enriched microbial taxa. In the con-
text of recurrence-associated microbial dysbiosis, argi-
nine exhibited a negative correlation with the enriched 
genus Peptostreptococcus (r = −0.43, P = 0.001) and a 
positive correlation with the depleted genus Bacteroides 
(r = 0.54, P = 3 × 10–5). Conversely, the biogenic amines 
cadaverine (r = 0.41, P = 0.003) and putrescine (r = 0.43, 
P = 0.001) exhibited strong positive associations with 
Peptostreptococcus. Furthermore, 3-methyluric acid was 
significantly negatively correlated with the recurrence-
enriched microbe Fusobacterium (r = −  0.37, P = 0.008). 
Collectively, postoperative recurrence was characterized 
by a distinct metabolic landscape and corresponding 
microbe-metabolite association patterns.

Identification of potential bacterial biomarkers 
for predicting CRC recurrence
Subsequently, machine learning algorithms were uti-
lized to identify microbial biomarkers associated with 
CRC recurrence outcomes. Within this machine learn-
ing framework, LASSO regression consistently selected 
five discriminative bacterial genera as core predictors 
for postoperative outcome stratification. As depicted in 
Fig.  5A, B, an RF classifier was constructed using these 
five features and evaluated in an internal independent 
test cohort, achieving an AUC of 0.81 (95% CI 0.56–0.97). 
The confusion matrix demonstrated model performance 
metrics of 0.75 sensitivity, 0.71 accuracy, 0.67 specificity, 
and 0.67 precision.

In the variable importance (VIMP) plot (Fig. 5C), Pep-
tostreptococcus, Fusobacterium, and Bacteroides con-
tributed most prominently to model performance, each 
exhibiting a relative VIMP > 20%. To further enhance 
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Fig. 4  Reprogrammed tumor mucosal metabolic landscape in postoperative recurrent CRC patients. A Differential metabolites with top 30 VIP 
scores between recurrent and non-recurrent CRC patients. B KEGG pathway enrichment analysis of differential metabolites. Differential metabolites 
and enriched pathways were identified based on FDR-adjusted P-values (q values)



Page 13 of 24Zhang et al. Microbiome          (2026) 14:127 	

Fig. 5  Random forest model development and validation using microbiome data to discriminate postoperative recurrent and non-recurrent 
CRC patients. A Receiver operating characteristic (ROC) curve of the Random Forest classifier evaluated in the internal independent test 
cohort. B Confusion matrix. C Variable importance plot. D SHAP violin plot. E Differential abundance comparison of key microbial biomarkers 
between non-recurrent CRC and postoperative recurrence groups. FDR-adjusted P-values (q values) were applied for differential abundance analysis
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model interpretability, SHAP analysis was applied to 
quantify feature-level contributions to individual predic-
tions. These genera were ranked by mean absolute SHAP 
values and visualized in descending order in Fig.  5D. 
Positive SHAP values were associated with predictions 
toward postoperative recurrence, indicating an increased 
predicted risk. Specifically, higher relative abundances of 
Peptostreptococcus and Fusobacterium positively shifted 
model outputs toward the recurrence class, whereas 
reduced abundance of Bacteroides similarly increased 
the predicted recurrence risk. Collectively, these patterns 
identify a recurrence-associated microbial signature with 
consistent directionality across feature importance and 
model interpretation analysis. Finally, differential abun-
dance analysis of these key predictive genera (Fig.  5E) 
demonstrated that Fusobacterium (q = 0.006) and Peptos-
treptococcus (q = 0.02) exhibited 3.0- and 2.28-fold higher 
relative abundances, respectively, in the recurrence group 
compared to the CRC group. Together, these two genera 
accounted for more than 30% of the total mucosal micro-
bial abundance in recurrent patients, underscoring their 
potential utility as prognostic microbial features.

Optimization of CRC prognostic models via integrated 
metabolite signatures
Building upon the distinctive tumor mucosal metabo-
lomic landscape associated with postoperative CRC 
recurrence, the 46 differential metabolites with VIP 
score > 1 were subjected to LASSO-based feature selec-
tion. This approach identified five key metabolite predic-
tors (selection frequency > 0.3). Subsequent RF modeling 
using these selected metabolites achieved an AUC of 
0.66 (Fig. 6A). As shown in Fig. S6, alanylglutamic acid, 
arginine, and putrescine exhibited the highest relative 
VIMP values, each exceeding 20%. These predictors 
were subsequently ranked by mean absolute SHAP val-
ues and visualized in descending order (Fig.  6B). Like-
wise, the relative abundance plots comparing the CRC 
and recurrence groups showed significant differences in 
arginine (q = 0.038) and putrescine (q = 0.053). Specifi-
cally, arginine, histidine, and sebacic acid were depleted 
in the recurrence group, whereas alanylglutamic acid and 
putrescine were enriched (Fig. 6C, D). These metabolites 

have previously been implicated in CRC development 
and progression [40–44]. Given the established interplay 
between the microbiome and host metabolism, we inte-
grated the selected metabolite predictors with five key 
microbial genera to construct a combined multi-omics 
RF classifier (Fig.  6E). This integrative model demon-
strated improved discriminative performance compared 
with microbiome-only models (AUC 0.89 vs 0.81). Per-
formance metrics of the integrated model (Fig.  6F) 
revealed a 31.3% increase in specificity (from 0.67 to 
0.88) accompanied by a 14.1% improvement in overall 
accuracy (from 0.71 to 0.81).

Moreover, an integrated microbiome-metabolite risk 
score was derived via the RSF framework, and 115 CRC 
patients were stratified into low- and high-risk groups 
based on the median predicted risk. Kaplan–Meier sur-
vival analysis demonstrated that RFS in the high-risk 
group was significantly shorter. Notably, this risk score 
remained an independent predictor of RFS in the mul-
tivariate Cox regression model (adjusted hazard ratio 
(HR) = 1.59, 95% CI: 1.35–1.88, P < 0.0001, Fig. 6G) after 
adjustment for TNM stage. Collectively, these results 
indicate that integrating microbial and metabolic signa-
tures within a machine learning framework substantially 
enhances prognostic stratification and prediction of post-
operative CRC recurrence.

Co‑aggregation properties of F. nucleatum and P. 
anaerobius
Prior studies have revealed that F. nucleatum and P. 
anaerobius could exacerbate CRC initiation and progres-
sion, with F. nucleatum specifically implicated in pro-
moting metastatic dissemination [38, 45, 46]. Notably, 
mucosal biofilms in CRC patients have been associated 
with procarcinogenic epithelial states, highlighting bacte-
rial biofilm formation as a key epithelial-associated event 
in CRC pathogenesis [11, 47]. Moreover, host-microbiota 
polyamine metabolism has been reported to facilitate 
biofilm development and epithelial proliferation, thereby 
accelerating neoplastic transformation of colonic epithe-
lial cells [48]. Given the limited understanding of how 
altered arginine metabolism within the tumor mucosa 
influences dual-species biofilm formation and tumor-
adhesive properties in polymicrobial contexts, we first 

(See figure on next page.)
Fig. 6  Optimization of prognostic prediction using integrated metabolomic and microbiome features. A ROC curve of the metabolomic-based 
RF predictive model evaluated in the internal dataset. B SHAP violin plot. C, D Differential abundance comparison of key metabolite biomarkers 
between non-recurrent CRC and postoperative recurrence groups. Differential abundance of metabolite biomarkers was assessed using 
FDR-adjusted P-values (q values). E ROC curve of the integrated microbiome–metabolomic RF predictive model evaluated in the internal dataset. F 
Confusion matrix. G Kaplan–Meier curves showing the recurrence-free survival of CRC patients (n = 115) stratified by prognostic risk scores. P values 
for Kaplan–Meier analysis were calculated using the log-rank test
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Fig. 6  (See legend on previous page.)
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conducted exploratory correlation analysis to identify 
potential associations among microbial taxa and metab-
olites (Fig.  7A). A significant positive correlation was 
observed between the relative abundances of co-enriched 
Fusobacterium and Peptostreptococcus (R = 0.42, 
P = 0.0024), while Peptostreptococcus exhibited a negative 
correlation with arginine (R = −  0.43, P = 0.0014) and a 
positive correlation with putrescine (R = 0.44, P = 0.0013). 
These findings suggest a potential link between arginine-
derived polyamine metabolism and the coordinated 
enrichment of these taxa. Subsequent interrogation 
of arginine metabolism in the KEGG database uncov-
ered two convergent biosynthetic pathways for putres-
cine generation (Fig.  7B). The canonical route involves 
sequential conversion of arginine to ornithine by arginase 
(EC 3.5.3.1) followed by ornithine decarboxylase (ODC, 
EC 4.1.1.17)-mediated production of putrescine, while an 
alternative pathway proceeds through arginine decarbox-
ylase (EC 4.1.1.19)-catalyzed formation of agmatine and 

its subsequent hydrolysis to putrescine by agmatinase 
(EC 3.5.3.11).

Microbial surface adhesion and interspecies co-aggre-
gation are fundamental biological processes governing 
polymicrobial biofilm formation and structural organiza-
tion [49]. To functionally assess whether F. nucleatum and 
P. anaerobius are capable of direct physical association, 
bacterial strains were co-incubated in PBS for 2 or 5  h, 
and aggregation was monitored via OD600 measurements. 
Compared to control groups (F. nucleatum, P. anaero-
bius, or E. coli incubated individually), co-aggregation 
rates were calculated based on the reduction in OD600 
after 2 or 5 h of anaerobic incubation at 37 °C. While F. 
nucleatum exhibited a self-aggregation rate of 15.4%, P. 
anaerobius (3.6%) and E. coli (8.5%) showed minimal self-
aggregation. Notably, co-incubation of F. nucleatum and 
P. anaerobius for 2 h resulted in pronounced aggregation 
(Fig. S7), with 58.0% of cells forming aggregates (Fig. 7C). 
In contrast, combinations of F. nucleatum–E. coli and P. 

Fig. 7  Interbacterial co-aggregation characteristics. A Spearman correlation analysis. B Schematic representation of the arginine metabolism 
pathway yielding putrescine. C Quantification of interbacterial co-aggregation. D Effects of L-arginine or D-galactose on the co-aggregation at 2 
or 5 h of F. nucleatum (Fn) and P. anaerobius (Pa) compared with PBS control
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anaerobius–E. coli displayed negligible co-aggregation 
(< 5.7%) even after 5 h, whereas F. nucleatum–P. anaero-
bius co-incubation reached 79.1% aggregation. F. nuclea-
tum expresses multiple adhesion-associated proteins, 
including Fap2 (a Gal-GalNAc-binding lectin) and RadD 
(an arginine-dependent adhesin) [26, 46]. To explore the 
potential involvement of these adhesins in interspecies 
co-aggregation, PBS (control), D-galactose (Fap2 inhibi-
tor), or L-arginine (RadD inhibitor) were added to the F. 
nucleatum–P. anaerobius co-culture system. While nei-
ther PBS nor D-galactose affected aggregation (Fig. 7D), 
L-arginine markedly reduced co-aggregation at both 2 h 
and 5  h (P < 0.001), supporting a central role for RadD-
mediated adhesion in F. nucleatum–P. anaerobius inter-
microbial interactions.

Effect of putrescine on F. nucleatum and P. anaerobius 
dual‑species biofilms
Biofilm formation initiates through bacterial aggrega-
tion, which represents a critical determinant of microbial 
colonization. Building upon our observation of robust 
co-aggregation between F. nucleatum and P. anaero-
bius, we subsequently investigated whether F. nucleatum 
influences P. anaerobius biofilm development. Fluores-
cent tracer assays revealed that while monocultures of P. 
anaerobius failed to establish substantial biofilms after 
24  h (Fig.  8A), co-culture with F. nucleatum promoted 
the formation of structured dual-species biofilms. Crys-
tal violet quantification further demonstrated a synergis-
tic enhancement of biofilm biomass in F. nucleatum–P. 
anaerobius co-cultures compared to F. nucleatum mon-
ocultures (Fig.  8B, P < 0.001). qPCR analysis of mature 

Fig. 8  Formation of F. nucleatum–P. anaerobius dual-species biofilms and the impact of putrescine. A Fluorescence micrograph depicting 
bacterial biofilm formation. B Crystal violet-stained image of bacterial biofilms and quantification of adherent biomass. C Quantification of Fn 
and Pa within dual-species biofilms by qPCR. D Growth curves of Fn and Pa inoculated alone and co-inoculated in different proportions. E Effect 
of putrescine on growth capacity in Fn:Pa = 1:1 inoculation. F The promotion of dual-species biofilm formation by different concentrations 
of putrescine
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biofilms identified F. nucleatum as the dominant con-
stituent (Fig. 8C). Growth kinetic analysis demonstrated 
higher culture densities in 1:1 F. nucleatum–P. anaero-
bius co-cultures compared with monocultures over 48 h 
of incubation. Notably, this increase in growth was not 
solely attributable to P. anaerobius, as a 10-fold increase 
in P. anaerobius inoculum did not result in a comparable 
elevation in culture density (Fig. 8D).

Prior studies have documented that polyamine-
mediated metabolic cross-feeding among oral path-
ogens (Streptococcus gordonii, F. nucleatum, and 
Porphyromonas gingivalis) drives biofilm expansion [50]. 
To evaluate whether putrescine modulates growth and 
biofilm formation in the F. nucleatum–P. anaerobius 
dual-species system, we first assessed bacterial growth 
responses to putrescine supplementation at concen-
trations ranging from 50 to 500  μM. Supplementation 
with 100 and 500  μM putrescine significantly increased 
OD600 of F. nucleatum–P. anaerobius co-cultures at 24 h 
(Fig.  8E, P < 0.05 compared with PBS-treated control). 
Subsequent biofilm assays using sub-growth-stimulatory 
concentrations of putrescine (10–50 μM) revealed a con-
centration-dependent enhancement of biofilm formation 
(Fig.  8F, at least P ≤ 0.056). These findings reveal that F. 
nucleatum serves as a keystone species in F. nucleatum 
and P. anaerobius dual-species biofilm formation, while 
arginine metabolite putrescine potentiates biofilm devel-
opment in a concentration-dependent manner.

Promotive effect of P. anaerobius on F. nucleatum adhesion 
to CRC cells
Bacterial aggregation in biofilms enhances tissue adher-
ence and facilitates tumor invasion by pathogenic 
bacteria, thereby potentiating carcinogenesis and meta-
static progression [38, 45, 46, 51]. Confocal microscopy 
revealed that both F. nucleatum (green fluorescence) and 
P. anaerobius (red fluorescence) were individually capa-
ble of adhering to tumor cell surfaces. Strikingly, when 
co-incubated with HCT116 cells, P. anaerobius pre-
dominantly adhered to F. nucleatum rather than directly 
binding to host cells, forming bacterial consortia that 
collectively anchored to tumor surfaces (Fig. 9A). Quan-
titative fluorescence assays confirmed that P. anaerobius 
significantly augmented the adhesion capacity of F. nucle-
atum to tumor cells (P < 0.05), while co-culture resulted 
in only a modest and statistically non-significant increase 
in P. anaerobius adhesion (P > 0.05, Fig.  9B). Taken 
together, this hierarchical adhesion pattern suggests that 
F. nucleatum may serve as a bridging organism, facilitat-
ing the incorporation of P. anaerobius into the tumor-
associated biofilm consortium.

P. anaerobius enhances intestinal colonization 
and mucosal adherence of F. nucleatum in vivo
Biofilm-mediated bacterial growth establishes favorable 
niches near the intestinal epithelial barrier [47]. To evalu-
ate in vivo effects of P. anaerobius on F. nucleatum mucosal 
colonization, mice were administered equivalent CFUs of 
F. nucleatum alone, P. anaerobius alone, or F. nucleatum–
P. anaerobius co-culture (experimental design: Fig.  10A). 
Initial fecal analysis revealed comparable F. nucleatum 
abundance between co-culture and F. nucleatum-only 
groups at day 1 post-gavage. However, longitudinal moni-
toring showed a progressive increase in fecal F. nucleatum 
abundance in the co-culture group, resulting in signifi-
cantly higher levels compared with the F. nucleatum-only 
group at day 9 (two-tailed Student’s t-test, P < 0.01), 
whereas F. nucleatum colonization in the mono-colonized 
group remained stable throughout the 9-day observation 
period. Conversely, fecal P. anaerobius became undetect-
able (below detection limit) in both P. anaerobius-only and 
co-culture groups by day 3 (Fig.  10B). Critically, admin-
istration of the F. nucleatum–P. anaerobius co-culture 
resulted in enhanced colonization of F. nucleatum within 
the colonic mucosa compared with F. nucleatum mono-
culture (P = 0.051), suggesting that P. anaerobius facilitates 
mucosal adherence and invasion of F. nucleatum despite 
its transient persistence in fecal samples (Fig.  10C). Col-
lectively, these in vivo findings extend our in vitro obser-
vations, supporting a facilitative role of P. anaerobius in 
modulating F. nucleatum colonization dynamics within 
the intestinal mucosal niche.

Discussion
Despite the curative-intent surgery, postoperative recur-
rence remains a major clinical challenge in CRC, suggesting 
that biological heterogeneity beyond conventional clinico-
pathological factors may contribute to disease progression. 
Although TNM staging remains the standard framework 
for recurrence risk assessment, substantial heterogeneity 
in clinical outcomes is frequently observed among patients 
within the same stage, highlighting the need for additional 
biomarkers to improve risk stratification [52–54]. In this 
prospective cohort, integrated microbiome and metabo-
lome profiling of tumor mucosal samples, combined with 
longitudinal follow-up, revealed microbial and metabolic 
features associated with postoperative recurrence in CRC. 
Primary tumors from recurrent patients exhibited distinct 
microbial and metabolic signatures, supporting the poten-
tial utility of tumor-associated microbiota and metabolites 
as prognostic indicators.

Using RF modeling and SHAP analysis, we identified 
several bacterial genera associated with CRC recurrence, 
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Fig. 9  Effect of P. anaerobius on the tumor cell adhesion capacity of F. nucleatum. A Representative confocal images showing CMFDA-labelled Fn 
(green) and CMTPX-labelled Pa (red) binding to DAPI-stained (blue) HCT116 cells. B Fluorescence microplate reader analysis of bacterial attachment
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including Peptostreptococcus, Fusobacterium, Bacte-
roides, Porphyromonas, and Prevotella. These taxa have 
been previously implicated in CRC initiation, progres-
sion, and adverse clinical outcomes, supporting their 
potential value as prognostic biomarkers [16, 18, 55–57]. 
Among them, F. nucleatum has been extensively linked 
to poor prognosis, recurrence, and chemoresistance in 
CRC [13, 15, 18, 58]. Notably, we further observed sig-
nificant enrichment of Peptostreptococcus in the tumor 
mucosa of recurrent CRC patients, where it contributed 
positively to recurrence classification in our RF model. 
Previous studies have shown that P. anaerobius, a repre-
sentative species of this genus, promotes CRC progres-
sion by adhering to tumor tissues, activating oncogenic 
and inflammatory signaling pathways, and modulating 
antitumor immunity [38, 59–61]. However, synergis-
tic associations between F. nucleatum and co-enriched 
pathobionts within the tumor microenvironment remain 
insufficiently explored.

A key finding of this study is the significant positive cor-
relation between Fusobacterium and Peptostreptococcus, 
the predominant genera enriched in the tumor mucosa 
of CRC patients with postoperative recurrence, suggest-
ing a synergistic relationship within the tumor-associated 

microbial community. Polymicrobial biofilms represent 
a prominent higher-order spatial organization in the 
gut and have been implicated in promoting pro-inflam-
matory and carcinogenic effects in CRC [47, 48, 51]. 
Previous studies have shown that tumor-associated 
pathobionts, including F. nucleatum, have been impli-
cated in facilitating distant metastasis through disrup-
tion of the gut vascular barrier and enhanced bacterial 
dissemination. In addition, F. nucleatum adheres to CRC 
cells via its adhesins Fap2 and RadD, and higher RadD 
expression has been linked to an increased risk of disease 
recurrence [25, 26, 46]. Expanding on these observations, 
we demonstrate that P. anaerobius co-aggregates with F. 
nucleatum to form compact dual-species biofilms, signif-
icantly enhancing F. nucleatum adhesion to tumor cells 
and intestinal colonization. This effect seems to be par-
tially dependent on RadD-mediated interactions and sug-
gests a potential role for P. anaerobius in modulating F. 
nucleatum-associated biofilm formation. These findings 
suggest that RadD-mediated polymicrobial interactions 
may represent a potential mechanistic target for disrupt-
ing recurrence-associated bacterial colonization.

Metabolic reprogramming is a hallmark of CRC 
progression, and metabolomics provides a powerful 

Fig. 10  Effect of P. anaerobius on the intestinal colonization capacity of F. nucleatum in mice. A Schematic diagram of the experimental design. 
B–C Quantification of bacterial genomic DNA copies from fecal samples collected during the experimental period (B) and from colonic mucosa 
at the endpoint (C). Data is presented as mean ± SD
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approach for identifying prognostic biomarkers within 
the tumor microenvironment [62–64]. In this study, 
untargeted metabolomics revealed significant enrich-
ment of polyamines and related metabolites (cadaver-
ine, putrescine, and monoacetylcadaverine) in the tumor 
mucosa of recurrent CRC patients. The correlation analy-
sis demonstrated a strong positive association between 
putrescine and Peptostreptococcus, and both features 
were retained as predictors in the RSF model, correlating 
with poorer postoperative outcomes. Notably, we found 
that putrescine supplementation significantly enhances 
dual-species biofilm formation by P. anaerobius and F. 
nucleatum, suggesting that tumor-associated metabo-
lites may directly modulate the interaction of patho-
genic bacteria. Previous studies have also documented 
elevated fecal putrescine levels in CRC patients [65], 
while ODC-dependent putrescine production has been 
implicated in chemotherapy resistance mechanisms [44]. 
Prior research has established that acetylated polyamine 
metabolites influence CRC-associated biofilm develop-
ment [48], though their species-specific impacts on bio-
film assembly remain uncharacterized. Putrescine genesis 
in the gut involves dual origins: host-cell biosynthesis 
through ODC-catalyzed ornithine decarboxylation, and 
microbial metabolism where arginine is converted via 
diverse bacterial enzymes [66, 67]. Although the relative 
contributions of host versus microbial arginine metabo-
lism to putrescine production remain unclear, these find-
ings reveal a novel link between metabolic alterations 
and recurrence-associated microbial synergy.

Previous studies have demonstrated the prognostic 
potential of the gut microbiome and metabolome for 
predicting recurrence and survival outcomes following 
CRC surgery [16, 57, 62, 63]. However, most investiga-
tions relied on single-omics profiling, limiting insight 
into the coordinated microbial–metabolic interactions 
within the tumor microenvironment. Given the complex-
ity of microbial community dysregulation and metabolic 
reprogramming in CRC, integrated multi-omics analysis 
is necessary to better elucidate mechanisms underlying 
postoperative recurrence. Here, integrated analysis of the 
tumor mucosal microbiome and metabolome revealed 
recurrence-associated signatures that were partially inde-
pendent of tumor stage, suggesting complementary value 
to conventional staging.

Machine learning has been widely applied in CRC 
research, spanning applications from diagnosis to prog-
nosis [31]. Using LASSO-based feature selection and sub-
sequent random forest modeling, we identified a panel of 
10 integrated microbial and metabolic biomarkers associ-
ated with recurrence status in CRC patients. Notably, the 

model captured predictive taxa such as Porphyromonas 
and Prevotella, which exhibited only moderate abun-
dance differences but contributed meaningfully to recur-
rence classification, suggesting that machine learning 
can uncover latent, non-linear microbial associations not 
detected by conventional differential analysis [34].

Currently, circulating tumor DNA (ctDNA) rep-
resents a clinically relevant biomarker for detecting 
molecular residual disease and predicting CRC recur-
rence [68–70]. In this study, the integrated RSF-derived 
risk score effectively stratified 115 CRC patients, with 
the high-risk group exhibiting significantly shorter RFS. 
Multivariate analysis confirmed the risk score as an 
independent prognostic indicator (adjusted HR = 1.59, 
95% CI 1.35–1.88, P < 0.0001), supporting the prog-
nostic relevance of tumor mucosal multi-omics signa-
tures and highlighting their potential complementarity 
to existing molecular approaches. However, this study 
has several limitations. Although patients received 
relatively uniform adjuvant chemotherapy, the detailed 
patient-level treatment information was not available, 
which limited our ability to model chemotherapy expo-
sure as a potential confounder. In addition, the predic-
tive model was derived from a relatively small cohort 
and lacked validation in large independent cohorts 
with long-term follow-up. Future studies incorporating 
larger cohorts, comprehensive treatment annotation, 
and longitudinal validation are warranted to enhance 
robustness and generalizability.

Nevertheless, this work identifies discriminant micro-
bial and metabolic features distinguishing primary 
from recurrent CRC, revealing synergistic interactions 
between F. nucleatum and the newly established prog-
nostic genus Peptostreptococcus. These findings provide 
an analytical and mechanistic framework for refining 
postoperative risk stratification following CRC surgery.

Conclusions
Machine learning-driven integration of the tumor 
mucosal microbiome and metabolome in CRC patients 
was performed to predict postoperative recurrence 
risk. Furthermore, interaction studies of prognos-
tic biomarkers have revealed that P. anaerobius could 
enhance the tumor adhesion capacity of F. nucleatum, 
alongside the promotion of dual-species biofilm forma-
tion by putrescine. These findings will facilitate the pre-
diction of postoperative recurrence outcomes in CRC, 
while the distinct arginine metabolism-microbiota 
correlation may offer novel strategies for therapeutic 
intervention.
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