
1 of 15Cancer Reports, 2026; 9:e70738
https://doi.org/10.1002/cnr2.70738

Cancer Reports

ORIGINAL ARTICLE OPEN ACCESS

The Potential Role of Gut Microbiome Dysbiosis and 
Functional Reprogramming in Colorectal Liver Metastasis 
via the Gut–Liver Axis
Yuejin Sheng1,2  |  Xiaoyu Dai3  |  Jiaqi Lu4  |  Hao Zhang4  |  Ping Cai1,3

1Health Science Center, Ningbo University, Ningbo, Zhejiang, China  |  2Xiangshan Hospital of TCM Medical and Health Group, Ningbo, Zhejiang, 
China  |  3Ningbo No.2 Hospital, Ningbo, Zhejiang, China  |  4School of Marine Sciences, Ningbo University, Ningbo, Zhejiang, China

Correspondence: Ping Cai (caipingxs@163.com)

Received: 25 June 2026  |  Revised: 22 October 2026  |  Accepted: 27 October 2026

Keywords: biomarkers | colorectal liver metastasis | gut microbiome | gut-liver axis | metagenomics | non-invasive diagnosis

ABSTRACT
Background: Colorectal liver metastasis (CRLM) is a leading cause of mortality in colorectal cancer (CRC), yet current sur-
veillance often misses occult micrometastases, underscoring an urgent need for early non-invasive biomarkers and mechanistic 
insights.
Aims: This study aimed to investigate gut microbiota dysbiosis and functional alterations associated with CRLM and explore 
potential non-invasive biomarkers.
Methods and Results: Fecal metagenomic sequencing was performed in 60 participants, comprising healthy controls, pa-
tients with non-metastatic CRC, and patients with synchronous CRLM (n = 20 per group). Microbial composition, functional 
pathways, co-occurrence networks, and clinical associations were systematically analyzed, and a random forest model was 
constructed to identify potential diagnostic biomarkers. Results showed that gut microbiota dysbiosis intensified as CRC pro-
gressed toward CRLM, characterized by the depletion of commensal flora and significant enrichment of specific genera, such 
as Eikenella and Porphyromonas. Functionally, the gut microbiome displayed stage-specific remodeling, shifting from infection- 
and virulence-related pathways in CRC to functions associated with microbial secondary metabolism and stress adaptation in 
CRLM. Furthermore, SPIEC-EASI-based network analysis revealed a sparser and more compartmentalized microbial ecological 
structure in CRLM, with [Clostridium] symbiosum, Campylobacter concisus, and Coprococcus eutactus emerging as module hubs. 
A random forest model integrating nine core taxa and one virulence factor (VF0160 FeoAB) achieved an overall 97.5% classifica-
tion accuracy in discriminating CRLM from non-metastatic CRC, indicating the potential of fecal metagenomic biomarkers for 
future risk stratification. However, prospective validation in larger multicenter cohorts is required before clinical translational 
utility.
Conclusion: Collectively, our findings suggest that gut microbiota dysbiosis and functional reprogramming are strongly associ-
ated with CRLM progression, potentially through remodeling the hepatic pre-metastatic niche via the gut-liver axis.
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1   |   Introduction

Colorectal cancer (CRC) is the third most commonly diag-
nosed malignancy, which ranks as the second leading cause of 
mortality globally [1]. With global incidence projected to rise 
from 1.93 million in 2020 to 3.2 million by 2040, the clini-
cal challenge posed by CRC is escalating [2, 3]. Mortality in 
CRC is predominantly driven by metastatic dissemination, 
with the liver as the most common site of distant metastasis. 
Approximately 30%–50% of CRC patients develop colorectal 
liver metastasis (CRLM), causing a steep decline in 5-year 
survival rates from 90% in localized disease to just 13% in 
metastatic cases [4, 5]. The poor prognosis is largely attributed 
to the clinically silent nature of early dissemination. Current 
surveillance strategies often fail to detect occult micrometas-
tases, leading to diagnosis at advanced stages. Consequently, 
there is an urgent need to elucidate the potential mechanisms 
driving CRLM and to identify robust, non-invasive biomark-
ers that enable earlier risk stratification and therapeutic 
intervention.

The pathogenesis of CRLM is orchestrated by a complex in-
terplay of genetic alterations, the gut microbiota, the tumor 
microenvironment, and environmental factors [6, 7]. Within 
this landscape, the gut microbiota has emerged as a pivotal 
modulator of tumor progression and metastasis [8]. Anchored 
by the gut–liver axis, intestinal microbes can remotely mod-
ulate the hepatic pre-metastatic niche through the portal cir-
culation, metabolite transport, and immune signaling [9–13]. 
Emerging evidence has shown that the gut microbiota exerts 
bidirectional effects within the gut–liver axis, potentially 
either promoting or suppressing CRLM [14, 15]. It has been 
reported that a few gut commensals, such as Bacteroides 
vulgates [11] and Lactobacillus paracasei [10], inhibit metas-
tasis by enhancing immune surveillance. Conversely, patho-
bionts like Fusobacterium nucleatum [16–18] and Escherichia 
coli [19–21] not only accelerate the invasiveness of primary 
tumors but also persist within metastatic lesions [22–24]. 
Additionally, the composition of gut microbiota is signifi-
cantly differed between patients with CRLM and those with 
non-metastatic CRC [25]. These findings underscore the po-
tential of microbiome features as non-invasive biomarkers for 
early risk stratification [26]. However, given the high inter-
individual heterogeneity of the human fecal microbiome, it 
remains unclear whether additional high-impact taxa are con-
sistent drivers of CRLM. Furthermore, most existing studies 
have primarily focused on taxonomic alterations, with limited 
investigation into the functional mechanisms through which 
microbes promote the growth of metastatic lesions [11, 24].

A systematic understanding of how the gut microbiome drives 
the metastatic process at the functional level remains elusive. 
This knowledge gap significantly constrains both mechanistic 
insights and clinical translation. Mechanistically, microbial tox-
ins create a biological milieu favorable for liver metastasis by 
dismantling intestinal barriers, inducing chronic inflammation, 
and remodeling the immune microenvironment [10, 27, 28]. 
Given the anatomical and immunological connections of the 
gut–liver axis, pathogenic toxins may further facilitate the es-
tablishment of a hepatic pre-metastatic niche, thereby increas-
ing the likelihood of tumor cell seeding and expansion in the 

liver [29, 30]. However, the specific functional pathways that 
play key roles in the progression from CRC to CRLM remain 
largely undefined [31]. Notably, compared with taxonomic com-
position, microbial functional modules are often more repro-
ducible across individuals and more biologically interpretable, 
rendering them robust candidates for diagnostic biomarkers and 
therapeutic targets [32]. Therefore, refined investigations target-
ing microbial functions are urgently needed. Such studies aim to 
not only elucidate the potential mechanisms mediating CRLM 
but also evaluate their utility as non-invasive molecular markers 
for early identification and risk stratification, thereby providing 
a basis for precise screening and intervention strategies.

To address aforementioned knowledge gaps, we conducted a 
comprehensive metagenomic analysis of fecal microbiome in 
a large cohort comprising healthy controls and patients with 
CRC or CRLM. We aimed to identify key microbial taxa and 
functions associated with CRLM and to infer their potential 
mechanisms. Specifically, rather than merely cataloging tax-
onomic shifts, we employed a multi-dimensional analytical 
framework integrating functional pathway profiling, microbial 
co-occurrence networks, and clinical correlations to infer the 
potential mechanisms during CRLM progression. Leveraging 
these coupled taxonomic and functional insights, we further 
developed a machine-learning model for the early non-invasive 
detection of CRLM. By delineating the associations between 
gut microbial composition/function and metastasis, this study 
lays the groundwork for microbiome-based early diagnosis and 
timely intervention in CRLM.

2   |   Materials and Methods

2.1   |   Clinical Cohorts and Sample Collection

This study recruited 60 participants undergoing routine colonos-
copy at Ningbo No.2 Hospital in 2024 and 2025. Patients were 
staged based on histopathological characteristics according to 
the Tumor-Node-Metastasis (TNM) staging system. Samples 
with uncertain TNM staging due to insufficient clinical evi-
dence were excluded [33]. The cohort comprised three groups: 
non-metastatic CRC (CRC, n = 20), synchronous CRC with liver 
metastasis (CRLM, n = 20; defined as metastases detected syn-
chronously with or within 6 months of the primary tumor di-
agnosis), and healthy controls (CON, n = 20). Exclusion criteria 
were as follows: (1) patients with appendiceal tumors, familial 
adenomatous polyposis, anal canal tumors, or neuroendocrine 
tumors; (2) patients requiring additional surgery following en-
doscopic treatment due to complications such as perforation or 
bleeding; (3) patients who had received antibiotics, glucocorti-
coids, or immunosuppressants within 1 month prior to sam-
pling [34]. Demographic and clinical metadata, including age, 
gender, body mass index (BMI), tumor type, tumor stage, and 
tumor site, were summarized in Table  S1. Approximately 5 g 
of fresh fecal samples were collected from the central portion 
of each specimen, immediately flash-frozen in liquid nitrogen, 
and transported to the laboratory within an icebox. Whole blood 
was collected in EDTA-coated tubes for immediate hematologi-
cal analysis. Serum samples were collected in serum separation 
tubes, allowed to clot at room temperature for 30 min, and cen-
trifuged at 3000 rpm for 10 min to isolate serum for biochemical 
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assays. Serum and fecal samples were stored at −80°C for 
subsequent analysis. This study was approved by the Ethics 
Committee of Ningbo No.2 Hospital (Approval No. PJ-NBEY-
KY-2024-203-01), and written informed consent was obtained 
from all participants.

2.2   |   Clinical Biochemistry

Serum levels of carcinoembryonic antigen (CEA) and C-reactive 
protein (CRP) were quantified using the Ortho VITROS 5600 
blood biochemical analyzer (Ortho Clinical Diagnostics, NJ, 
USA). White blood cell (WBC) and neutrophil (NEU) counts 
were determined in whole blood samples using the Sysmex XN-
9000 hematology analyzer (Sysmex Corporation, Kobe, Japan).

2.3   |   DNA Extraction and Metagenomic 
Sequencing

Total genomic DNA was extracted from fecal samples using the 
QIAamp Fast DNA Stool Mini Kit (Qiagen, Hilden, Germany) 
in accordance with the manufacturer's instructions. DNA 
concentration and purity were determined using a Qubit 4.0 
Fluorometer (Life Technologies, CA, USA) and a NanoDrop 
Spectrophotometer (Thermo Fisher Scientific, MA, USA), re-
spectively. High-quality DNA samples were used to construct 
metagenomic sequencing libraries with the NEBNext Ultra 
DNA Library Prep Kit (New England Biolabs, Ipswich, MA, 
USA). Sequencing was performed on the Illumina NovaSeq 
6000 platform (Magigene Biotechnology, Guangzhou, China) to 
generate 150 bp paired-end reads. All raw data have been depos-
ited in the GSA database under accession number CRA041604.

2.4   |   Bioinformatics Processing and Taxonomic 
Profiling

Raw reads underwent quality control using FastQC (v0.11.6) 
[35] and Trimmomatic (v0.38) [36] to remove adaptors and low-
quality reads (length < 36 bp, average quality score < 20). Host 
contamination was removed by mapping clean reads to the 
human reference genome (hg38) using BMTagger (v3.101) [37]. 
Following quality control and removal of human-derived reads, 
the mean clean sequence yields were 6.35 ± 0.33, 6.15 ± 0.36, and 
6.55 ± 0.35 Gb per sample for the CON, CRC, and CRLM groups, 
respectively (mean ± SD; Table  S2). Taxonomic classification 
was subsequently performed using Kraken2 (v2.1.2) [38] against 
a reference database based on GTDB release 226 and supple-
mented with the hvfc subset of NCBI RefSeq. Bracken (v2.5) [39] 
was employed to re-estimate taxonomic abundances by redis-
tributing reads from higher-level classifications.

2.5   |   Functional Annotation

High-quality reads were assembled into contigs using 
MEGAHIT (v1.2.9) [40]. Open reading frames (ORFs) within 
the contigs (> 200 bp) were predicted using Prodigal (v2.6.3) 
[41]. A non-redundant gene catalog was constructed using CD-
HIT (v4.8.1) [42] with a sequence identity threshold of 95% and 

alignment coverage of 90%. Gene abundances were quantified 
using Salmon (v0.11.3) [43] and normalized as transcripts per 
million (TPM). Functional annotation was performed by align-
ing ORFs from the gene catalog against the Kyoto Encyclopedia 
of Genes and Genomes (KEGG) database (https://​www.​genome.​
jp/​kegg/​genes.​html) using DIAMOND (v0.9.18) [44] with an e-
value threshold of 1e-5.

2.6   |   Construction and Topological Analysis 
of Microbial Co-Occurrence Network

To explore interactions among microbial taxa, co-occurrence 
networks were constructed using SPIEC-EASI based on species-
level abundance profiles. Network inference was performed 
separately for the CON, CRC, and CRLM groups using sparse in-
verse covariance estimation, and the network sparsity was deter-
mined using the Stability Approach to Regularization Selection 
(StARS). Associations retained in the final sparse graphical mod-
els were used to construct the microbial ecological networks. 
Topological properties, including the number of nodes, number 
of edges, average degree, network density, distance, between-
ness centrality, modularity, network efficiency, and stability, 
were extracted to quantitatively assess the structural complexity 
of the networks. To comprehensively assess microecological sta-
bility, we evaluated network robustness. Specifically, robustness 
was calculated by simulating species degradation (e.g., random 
or targeted removal of hub nodes) to measure the community's 
resistance to external perturbations [45]. Furthermore, the to-
pological roles of nodes were classified based on their within-
module connectivity (Zi) and among-module connectivity (Pi) to 
identify potential keystone taxa maintaining the network archi-
tecture. According to established criteria, nodes were classified 
into peripherals, connectors (Pi > 0.62), module hubs (Zi > 2.5), 
and network hubs (Zi > 2.5 and Pi > 0.62). The latter three cat-
egories were collectively designated as potential keystone taxa 
[46]. The microbial co-occurrence network was visualized using 
Gephi (v0.10.1) [47].

2.7   |   Construction of Diagnostic Model of CRLM

Random forest (RF) model was deployed to evaluate the di-
agnostic potential of the gut microbiota for CRLM using the 
random Forest package [48]. To minimize demographic bias, 
microbial genera and functional features significantly associ-
ated with age or sex in the healthy group were excluded prior 
to modeling [49]. Models were constructed using the filtered 
abundance profiles and functional profiles. To minimize over-
fitting, model development and evaluation were performed 
using a nested cross-validation framework. In the outer cross-
validation loop, samples were stratified into training and held-
out test folds. Within each outer training set, feature importance 
was evaluated using mean decrease in accuracy (MDA) based 
on permutation testing [50], and feature selection and model op-
timization were performed exclusively within the inner cross-
validation loop. The optimized model was then applied to the 
corresponding outer test fold, which remained completely in-
dependent of feature selection and model training. Out-of-fold 
predictions from all outer test folds were aggregated to evaluate 
classification performance.

https://www.genome.jp/kegg/genes.html
https://www.genome.jp/kegg/genes.html
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2.8   |   Statistical Analysis

Statistical analyses and visualizations were performed in R 
(v4.3.0), unless otherwise stated. Demographic and clinical vari-
ables among the three health statuses were compared using one-
way analysis of variance (ANOVA). Taxonomic and functional 
diversities were calculated using the vegan package. Group dif-
ferences were assessed using the Kruskal–Wallis test, followed 
by the Wilcoxon rank-sum test for pairwise comparisons. To ac-
count for potential demographic confounding, multivariable dif-
ferential abundance analyses of microbial taxa and functional 
features were performed using MaAsLin2, with disease status 
as the primary explanatory variable and age and BMI included 
as continuous covariates. p values were adjusted using the 
Benjamini–Hochberg method to control the false discovery rate 
(FDR). Spearman's rank correlation analysis was performed to 
evaluate the associations between clinical variables and genus-
level microbial taxa as well as microbial functional pathways. 
All statistical tests were two-tailed, with p < 0.05 considered 
statistically significant. Beta-diversity was analyzed via princi-
pal coordinate analysis (PCoA) based on Bray–Curtis distances 
using the vegan and ggplot2 packages to visualize compositional 
dissimilarities in taxonomic and functional profiles among 
groups. Statistical differences were quantified using permuta-
tional multivariate analysis of variance (PERMANOVA) [51] 
with the adonis2 function (999 permutations). Mantel tests were 
conducted to assess the correlations between clinical character-
istics and overall microbial community structure or microbial 
functional profiles using the vegan package.

3   |   Results

3.1   |   Clinical Biochemical Characteristics

Clinical biochemical indices varied significantly across the 
CON, CRC, and CRLM groups (p < 0.05, Figure  1). Levels of 
CEA, WBC, NEU, and CRP were significantly elevated in the 
CRLM group compared with the CRC and CON groups and 
were also significantly higher in the CRC group than in the CON 
group (p < 0.05). All above clinical variables showed a progres-
sive increase along with the disease progression from healthy 
status to primary CRC and to CRLM.

3.2   |   Gut Microbiota Dysbiosis in CRC and CRLM

To elucidate the microbial alterations associated with CRC 
and CRLM, we compared the structures of gut microbiota 
across CON, CRC, and CRLM groups. At the phylum level, 
Bacteroidota, Bacillota, and Pseudomonadota were the dominant 
phyla of the three groups (Figure  2a). Relative abundances of 
Bacteroidota and Bacillota were significantly elevated (p < 0.05), 
whereas Pseudomonadota was depleted in the CRC and CRLM 
groups compared with the CON group. Notably, the relative 
abundance of Fusobacteriota enriched (p < 0.05) in the disease 
groups, particularly in the CRLM group. While alpha-diversity, 
as measured by the Shannon index, was comparable among the 
groups (Figure 2b), beta-diversity analysis revealed significant 
differences in overall microbial community structure among 

FIGURE 1    |    Comparison of clinical biochemistry among CON, CRC, and CRLM groups. Boxplots illustrating the levels of CEA, WBC, NEU, and 
CRP among three groups (a–d). CEA: carcinoembryonic antigen; CON: healthy controls; CRC: colorectal cancer; CRLM: colorectal liver metastasis; 
CRP: C-reactive protein; NEU: neutrophil; WBC: white blood cell.
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the three groups (p = 0.002; PERMANOVA, permutations 999) 
(Figure 2c). Pairwise comparisons further indicated that these 
differences were primarily driven by comparisons involving the 
CRLM group, including comparisons between CON and CRLM 
and between CRC and CRLM, whereas no significant separation 
was observed between CON and CRC groups (Table S3). At the 
genus level, distinct dysbiotic signatures emerged in the disease 
groups (Figure  2d). Specifically, Escherichia, Staphylococcus, 
Corynebacterium, and Phocaeicola showed marked enrich-
ment in the primary CRC group relative to the CON group 
(p < 0.05), suggesting a potential association with the primary 
tumor microenvironment. In contrast, with disease progression, 
the relative abundances of Eikenella and Porphyromonas were 
markedly enriched (p < 0.05) in the CRLM group. Conversely, 

Neisseria, Finegoldia, Anaerococcus, and Roseburia genera were 
significantly decreased in the CRLM group (p < 0.05).

3.3   |   Altered Functional Features of the Gut 
Microbiome in CRC and CRLM

Functional alpha-diversity was largely comparable among 
groups (p > 0.05) (Figure 3a). PCoA revealed a statistically sig-
nificant separation among the CON, CRC, and CRLM groups 
(p = 0.005; PERMANOVA, permutations 999) (Figure 3b). The 
heatmap revealed distinct pathway-level alterations between 
the healthy and diseased groups (Figure 3c), with quantitative 
comparisons of pathway abundances summarized in Table S4. 

FIGURE 2    |    Microbial community composition and structural shifts in the CON, CRC, and CRLM groups. Stacked bar chart displaying the rela-
tive abundance (%) of the main bacterial phyla identified in different groups (a). Comparison of alpha-diversity (Shannon index) among groups using 
the Kruskal–Wallis test (b). PCoA plots showing the differences in microbial composition among different groups based on Bray–Curtis distance (c). 
Heatmap depicting the differences in relative abundance of microbial genera among different groups (d). Refer Figure 1 for abbreviations.
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Compared with CON, pathways related to bacterial infection and 
virulence, including Virion—Bacteriophage lambda, Yersinia 
infection, Bacterial secretion system, and Lipopolysaccharide 
biosynthesis, were enriched in CRC (p < 0.05). Compared with 
the CON and CRC groups, the CRLM group exhibited a distinct 
metagenomic functional profile (Figure 3c). Several pathways 
that were enriched in the CRC group showed reduced repre-
sentation in CRLM. In contrast, pathways associated with mi-
crobial secondary metabolism and stress adaptation, such as 
Biosynthesis of various antibiotics and Antifolate resistance, 
were enriched in the CRLM group (p < 0.05). These findings 
indicate a further remodeling of the gut microbial functional 
repertoire in association with liver metastasis.

3.4   |   CRC Progression Alters the Co-Occurrence 
Network Among Gut Commensals

Given that the significant dysbiosis induced by CRC pro-
gression may further disrupt the intricate web of microbial 
inter-dependencies, we compared species-level co-occurrence 

networks among groups (Figure  4a). Visually, the clustering 
patterns of the networks changed markedly during the progres-
sion from the CON to CRC and CRLM. Quantitative analysis of 
topological properties further revealed significant inter-group 
differences (Figure 4b). Although the total number of nodes did 
not differ significantly among the three groups, the CRLM net-
work contained significantly fewer edges than the CRC network 
and exhibited a lower mean degree than both the CON and CRC 
networks (p < 0.05). Network density was also reduced in CRLM 
compared with CON, whereas the distance was significantly in-
creased (p < 0.05). In addition, the CRLM network showed sig-
nificantly higher modularity and lower network efficiency than 
both the CON and CRC networks (p < 0.05). In contrast, between-
ness, robustness weight, and stability did not differ significantly 
among the three groups. Collectively, these results indicate that 
the CRLM-associated microbial network was characterized by 
reduced connectivity and efficiency together with increased 
compartmentalization.

Zi-Pi analysis further revealed distinct shifts in the topologi-
cal roles of microbial taxa across the three groups (Figure 5). 

FIGURE 3    |    Comparison of the gut functional structures among CON, CRC, and CRLM groups. Comparison of alpha-diversity (Shannon index) 
among groups using the Kruskal–Wallis test (a). PCoA plots showing the differences in microbial functional composition among groups based on 
Bray–Curtis distance (b). Heatmap showing differentially abundant functional pathways among different groups (c). Refer Figure 1 for abbreviations.
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In the CON network, most taxa were classified as periph-
eral nodes, accompanied by a smaller number of connectors, 
while Bacteroides xylanisolvens, Mogibacterium diversum, and 
Fusobacterium pseudoperiodonticum were identified as mod-
ule hubs (Figure 5a, Table S5). At the CRC stage, the compo-
sition of topologically important taxa changed substantially, 
with multiple connector nodes and three module hubs, in-
cluding Phocaeicola salanitronis, Bacteroides sp. A1C1, and 
Odoribacter splanchnicus (Figure  5b, Table  S6). Upon pro-
gression to CRLM, peripheral nodes remained predominant, 
whereas the composition of both connectors and module hubs 
was further reorganized. Notably, [Clostridium] symbiosum, 
Campylobacter concisus, and Coprococcus eutactus emerged 
as module hubs in the CRLM network (Figure 5c, Table S7). 
No network hubs were identified in any of the three groups. 
Collectively, these results demonstrate a marked redistribu-
tion of taxa occupying key topological positions during pro-
gression from CRC to CRLM.

3.5   |   Correlation Between Characteristics 
of the Gut Microbiota and Host Clinical Parameters

To clarify the relationship between gut microecological alter-
ations and host phenotypes, we evaluated the associations of 
specific microbial taxa and functions with clinical parameters. 
The Spearman correlation heatmap revealed that the relative 
abundances of multiple bacterial genera were significantly 
correlated with host clinicopathological and inflammatory in-
dices (Figure  6a). Specifically, the commensal genera, includ-
ing Finegoldia, Neisseria, Anaerococcus, Staphylococcus, and 
Corynebacterium, exhibited significant and negative correla-
tions with tumor progression indicators of tumor stage, CEA, 
and host systemic inflammatory markers of WBC, NEU, and 
CRP (r ranging from −0.523 to −0.324, p < 0.05). These results 
indicate that the depletion of protective commensals is closely 
associated with increased tumor burden and the deterioration of 
the host's systemic inflammatory microenvironment.

FIGURE 4    |    Comparison of gut microbial co-occurrence networks in the CON, CRC, and CRLM groups. Microbial co-occurrence networks con-
structed based on species-level relative abundances in the three groups (a). Each node represents a microbial taxon, and each edge represents a sig-
nificant correlation between taxa. Nodes with different colors indicate different network modules, and node size reflects the degree of connectivity 
within the network. Comparison of network topological properties among the three groups, including the number of nodes, number of edges, average 
degree, network density, distance, betweenness centrality, modularity, robustness weight, network efficiency, and stability (b). Refer Figure 1 for 
abbreviations.
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The functional potentials of the gut microbiota also exhibited 
intimate synergy with clinical indices (Figure 6b). Specifically, 
infection-associated pathways prominent in the earlier disease 
stages, such as Virion-Bacteriophage lambda, showed signifi-
cant and negative correlations with advanced tumor progression 
indicators (tumor stage and CEA) and systemic inflammatory 
markers (WBC, NEU, and CRP) (r ranging from −0.319 to 
−0.295, p < 0.05). Conversely, pathways associated with micro-
bial secondary metabolism and stress adaptation, notably the 
Biosynthesis of various antibiotics and Antifolate resistance, 
displayed positive correlations with indicators of tumor progres-
sion (e.g., tumor type and tumor site) (r ranging from 0.261 to 
0.275, p < 0.05). Taken together, these correlations indicate that 
the functional reprogramming of the gut microbiota is tightly 
coupled with the host's clinical trajectory.

The Mantel test demonstrated that the compositional and func-
tional structure of the gut microbial community was closely 
associated with the host's systemic inflammatory status and 
indicators of tumor progression (Figure  6c). Specifically, 
the microbial composition was significantly associated with 
CEA, WBC, NEU, and CRP (Mantel's r ranging from 0.075 to 
0.135, p < 0.05), whereas the microbial function was signifi-
cantly associated with tumor type, tumor site, tumor stage, 
and WBC (Mantel's r ranging from 0.073 to 0.092, p < 0.05). 
Additionally, the pairwise clinical variable correlation matrix 
confirmed that inflammatory biochemical markers were sig-
nificantly and positively correlated with tumor progression 
indicators (r ranging from 0.486 to 0.959, p < 0.001). These 
findings underscore a tightly intertwined relationship be-
tween the gut microbiome, human systemic inflammation, 
and tumor advancement.

3.6   |   Construction Non-Invasive Model 
for Diagnosing CRLM

To improve the diagnostic efficacy for CRC and CRLM, we iden-
tified biomarkers based on single-dimensional (microbiome 

or virulence factors alone) and multi-dimensional (microbi-
ome combined with virulence factors) profiles using the RF 
model. The results demonstrated that the multi-dimensional 
model achieved higher diagnostic accuracy than microbiome 
or virulence factors alone (Figure  7; Figures  S1–S8). In the 
most clinically challenging discrimination between CRLM and 
CRC, the multi-dimensional model demonstrated promising 
classification performance within our single-center discovery 
cohort. According to the feature importance ranking based 
on the MDA metric, the top 10 important features consisted 
of nine genus-level microbial taxa and one virulence factor, 
with Staphylococcus, Corynebacterium, and Finegoldia con-
tributing most significantly to the classification (Figure  7a). 
In addition, the virulence factor VF0160 FeoAB ranked promi-
nently among these key features, representing a metagenomic 
functional signal derived from the total microbial gene pool. 
However, the intermediate contig-level assembly files required 
for retrospective taxonomic binning could not be retrieved, pre-
cluding definitive attribution of FeoAB-encoding sequences to 
specific bacterial species. Notably, some top-ranked features 
did not exhibit significant univariate differences (Table  S8). 
However, RF feature selection via MDA can capture non-linear 
feature interactions and multi-variable conditional dependen-
cies across the entire feature space, enabling variables without 
significant univariate differences to contribute meaningfully 
to multi-marker multivariate classification ensembles. The 
cross-validation error curve further confirmed that the model 
effectively minimized classification error during feature se-
lection (reaching a minimum error of 0.081). Using 0.50 as the 
predictive probability threshold, the multi-dimensional model 
effectively distinguished CRLM samples from CRC samples, 
with CRLM samples generally showing predicted values > 0.50 
and CRC samples generally showing predicted values < 0.50, 
achieving an overall predictive accuracy of 97.5% (Figure 7b). 
Taken together, these findings highlight the potential of inte-
grating microbial taxa and virulence factors for distinguishing 
CRLM from non-metastatic CRC, although further validation 
in independent and large cohorts is required to establish the 
generalizability of the model.

FIGURE 5    |    Topological roles of network nodes based on modularity analysis. The Zi-Pi plot visualizes the classification of keystone species under 
distinct groups (a–c). Keystone taxa are categorized as module hubs (Zi > 2.5), connectors (Pi > 0.62), or network hubs (Zi > 2.5 and Pi > 0.62). Refer 
Figure 1 for abbreviations.
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4   |   Discussion

CRLM represents the leading cause of disease progression 
and mortality among patients with CRC [31]. Consequently, 
elucidating the underlying mechanisms of CRLM pathogen-
esis and establishing early detection approaches constitute 
critical unmet clinical needs in current CRC management 

[52–54]. Although recent studies have established the pivotal 
role of gut-liver axis-mediated gut dysbiosis in the progression 
of CRLM, current research predominantly focuses on pheno-
typic characterizations of microbial community composition 
[25, 31]. Accurately identifying the keystone microbial taxa 
associated with CRLM from within complex microbial net-
works and unraveling the specific functional pathways that 

FIGURE 6    |    Interrelationship between microbial community composition or function and clinical indicators. Spearman correlations of specific 
microbial species and functional pathways with clinical parameters across different groups (a and b). Statistical significance is denoted by asterisks: 
*p < 0.05, **p < 0.01, and ***p < 0.001. Relationships between community structures (based on Bray–Curtis distance) and clinical variables using 
Mantel tests (c). Edge width is proportional to Mantel's r value, while edge color indicates statistical significance. Pairwise correlations among clini-
cal variables are displayed via a color gradient representing Spearman's correlation coefficients. Refer Figure 1 for abbreviations.

*

*

***

***

***

***

***

***

***

***

***

**

***

***

***

***

***

***

***

***

***

***

***

***

***

***

***

***

***

***

***

***

***

***

***

***

*** ***

Microbial community

Microbial function

CRP

NEU

WBC

CEA

Tumor Stage

Tumor site

BMI

Age

Tumor type

Gender

G
en

de
r

T
um

or
 ty

pe

Ag
e

BM
I

T
um

or
 s

ite

Tu
m

or
 S

ta
ge

C
EA

W
BC N
EU

C
R

P

spearman's r

−0.25

0.00

0.25

0.50

0.75

1.00

P value
< 0.01
0.01 − 0.05
>= 0.05

mantel's r
< 0.2

a b

c

*

*

*

*

*

* * * * *

**

**

**

**

**

**

**
**

**

**
**

**

**
**

**
**

***
***
***
***
***

***

***

***

***

***

***

***

***

***
***
***

−1

−0.4
0
0.4

1

G
en

de
r

Tu
m

or
 ty

pe
Ag

e
BM

I
Tu

m
or

 s
ite

Tu
m

or
 S

ta
ge

C
EA

W
BC

N
EU

C
R

P

Finegoldia
Corynebacterium

Neisseria
Staphylococcus

Anaerococcus
Escherichia
Phocaeicola

Sutterella
Roseburia

Porphyromonas
Eikenella

*

*
*

*
*
*

*
*
*

* * * * ***

**

G
en

de
r

Tu
m

or
 ty

pe
Ag

e
BM

I
Tu

m
or

 s
ite

Tu
m

or
 S

ta
ge

C
EA

W
BC

N
EU

C
R

P

VirionBacteriophage lambda
Yersinia infection

Teichoic acid biosynthesis
Glycerolipid metabolism

Biosynthesis of various antibiotics
O−Antigen nucleotide sugar biosynthesis

Biosynthesis of siderophore group...
Biosynthesis of nucleotide sugars

Antifolate resistance
Carbon fixation pathways in prokaryotes

Biotin metabolism
Carbon metabolism

Glycine, serine and threonine metabolism
Methane metabolism

Monobactam biosynthesis
Glyoxylate and dicarboxylate metabolism

Citrate cycle (TCA cycle)
Bacterial secretion system

Cationic antimicrobial peptide (CAMP)...
Lipopolysaccharide biosynthesis

−1

−0.4
0
0.4

1



10 of 15 Cancer Reports, 2026

FIGURE 7    |    RF model integrating microbiome and virulence factors for distinguishing CRLM from CRC. The horizontal bar plot displays the Top 
10 features ranked by the percentage of MDA (%). The inset illustrates the feature selection process based on nested cross-validation, showing the 
variation in inner cross-validation error relative to the number of features, with the dashed line indicating the point of minimum error (a). The scat-
ter plot illustrates the predicted probabilities of the RF model for the samples (b). The horizontal dashed line denotes the classification threshold at a 
predicted result of 0.50. Data points are color-coded according to the predicted category: red (TRUE) represents a prediction of CRLM, while green 
(FALSE) represents a prediction of CRC. The model achieved an overall classification accuracy of 97.5%.
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potentially contribute to metastasis remain pressing bottle-
necks that urgently require resolution [55]. To address this 
challenge, the present study established a stepwise progres-
sion cohort comprising healthy controls, non-metastatic CRC 
patients, and patients with synchronous CRLM. Utilizing 
depth fecal metagenomic sequencing, we integrated pathway 
enrichment, ecological network analysis, and machine learn-
ing algorithms to systematically delineate the microbial dy-
namics along the progression of CRLM. This research not only 
elucidates the compositional, ecological, and functional alter-
ations of the gut microbiota during CRLM progression but also 
identifies potential keystone nodes within the CRLM micro-
bial network. Furthermore, it reveals potential mechanisms 
underlying microbiota-mediated metastasis and develops a 
machine-learning model for the non-invasive discrimination 
of CRLM from non-metastatic CRC.

At the taxonomic level, significant alterations in micro-
bial community structure were primarily observed in com-
parisons involving CRLM patients (Figure  2c, Table  S3), 
suggesting that microbiome remodeling is associated with liver 
metastatic dissemination. Notably, the abundance of the phylum 
Fusobacteriota was significantly enriched in the CRLM group 
(Figure  2a). This observation aligns with the widely accepted 
consensus that Fusobacterium species can translocate and colo-
nize the liver alongside primary tumor cells, thereby sustaining 
a pro-tumorigenic microenvironment at the metastatic site [18]. 
At the genus level, the CRC stage is predominantly character-
ized by the moderate disruption of the microecological environ-
ment (Figure 2d) and the localized colonization of pathogenic 
bacteria (e.g., Escherichia). Upon progression to the CRLM 
stage, commensal flora undergo further depletion, which is ac-
companied by a marked expansion of specific taxa (Figure 2d). 
These structural shifts may carry relevant biological impli-
cations for metastatic progression. In particular, depletion of 
butyrate-producing commensals such as Roseburia has been 
associated with a compromised intestinal epithelial barrier and 
a reduction in colonization resistance [56, 57]. Concurrently, the 
enrichment of mucosa-associated pathobionts such as Eikenella 
and Porphyromonas may contribute to local inflammation and 
immune perturbation [58, 59]. Consequently, we speculate that 
the progressive loss of protective commensals, together with 
the expansion of specific pro-inflammatory pathobionts, may 
disrupt the intestinal barrier and, through the gut–liver axis, 
promote the establishment of a pre-metastatic hepatic micro-
environment characterized by inflammation and immunosup-
pression, thereby creating favorable conditions for metastatic 
colonization [10].

Accompanying the alterations in community structure, the 
functional potential of the gut microbiota also underwent 
profound remodeling. The CRC stage is primarily enriched 
in pathways associated with bacteriophages and infections 
(Figure  3c), reflecting the initial severe perturbation of the 
TME and the compromised physical barrier in host–microbe 
interactions [25, 55]. The enrichment of bacteriophage-related 
pathways is consistent with findings regarding the regulation 
of CRC pathogenesis by the gut virome. Similarly, unique gut 
virome signatures are identified in patients with CRC, suggest-
ing that the bacteriophage community may promote tumori-
genesis either by exacerbating bacterial dysbiosis or by directly 

interacting with the host immune system [60]. Concurrently, 
the enrichment of the Yersinia infection pathway likely re-
flects an increase in genes encoding broad-spectrum bacterial 
virulence factors, which facilitates bacterial invasion and the 
evasion of immune surveillance within the tumor microen-
vironment [61, 62]. In contrast, CRLM displayed a distinct 
functional profile, characterized by attenuation of several 
CRC-enriched infection- and virulence-related pathways and 
relative enrichment of functions associated with secondary 
metabolism and stress adaptation. These changes suggest a 
shift in microbial functional potential during metastatic dis-
ease. Coupled with elevated systemic inflammatory markers 
(e.g., CRP and WBC), these changes may reflect microbial ad-
aptation to a more inflammatory and competitive ecological 
environment [63]. Such functional remodeling could enhance 
microbial persistence under adverse conditions and may con-
tribute to maintaining a microenvironment favorable for met-
astatic colonization [10].

SPIEC-EASI-based microbial association network analysis re-
vealed a marked reorganization of the gut microbial ecosystem 
during disease progression. Compared with the CRC network, 
the CRLM network exhibited reduced connectivity and network 
efficiency, together with increased path length and modularity, 
suggesting a sparser, less integrated, and more compartmental-
ized microbial community structure during metastatic disease 
[64, 65]. The succession of topological roles identified by Zi-Pi 
analysis further supported this ecological reorganization. At 
the CRC stage, Phocaeicola salanitronis, Bacteroides sp. A1C1, 
and Odoribacter splanchnicus were identified as module hubs 
(Figure 5b). O. splanchnicus has previously been reported as a 
CRC-associated keystone or driver taxon and was enriched in 
some CRC cohorts [66, 67]. Upon progression to CRLM, the com-
position of module hubs shifted markedly, with [Clostridium] 
symbiosum, Campylobacter concisus, and Coprococcus eutac-
tus occupying central within-module positions (Figure  5c). 
It has been reported that C. symbiosum directly implicates in 
colorectal tumorigenesis, promoting tumor progression via 
branched-chain amino acid (BCAA) synthesis, host cholesterol 
metabolism alteration, and Hedgehog signaling pathway acti-
vation [68]. C. concisus is an opportunistic mucosal pathobiont 
known to co-aggregate with Fusobacterium nucleatum, impair 
intestinal epithelial tight junction integrity, and trigger muco-
sal inflammatory cascades [69, 70]. Conversely, C. eutactus is a 
beneficial, short-chain fatty acid (SCFA)-producing commensal 
(specifically butyrate) [71]. This strain acted as a module hub 
within a sparser, highly modular network in CRLM (Figure 5c), 
suggesting that commensal butyrate producers become isolated 
within distinct, disconnected network sub-modules as patho-
bionts expand. Together, these findings suggest that metastatic 
progression is accompanied by a redistribution of microbial eco-
logical roles. Importantly, module-hub status reflects topologi-
cal importance rather than causality, and the specific roles of 
these taxa in CRLM require further functional validation.

Mantel tests and correlation analyses between the microbiota 
and clinical features provide valuable insights into the po-
tential role of the “microbiome-inflammation-tumor” axis in 
clinical deterioration. We observed that taxa severely depleted 
during the CRLM stage exhibited strikingly synchronized 
negative correlations with host tumor burden and systemic 
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inflammatory indices, whereas functional pathways associ-
ated with microbial secondary metabolism and stress adap-
tation showed positive correlations with tumor progression 
(Figure 6a,b). Notably, the taxonomic structure of the microbial 
community is predominantly associated with systemic inflam-
mation, whereas microbial function is more intimately linked 
to the physical characteristics of the tumor itself (Figure  6c). 
This pattern suggests that the host's inflammatory state acts as 
both a catalyst for and a consequence of microecological dys-
biosis, establishing a positive feedback loop that collectively 
accelerates the metastatic cascade [61, 72]. Specifically, we hy-
pothesize that an increased tumor burden may contribute to 
systemic inflammation in the host. This inflammatory stress, 
together with the depletion of barrier-maintaining commen-
sals, may drive functional adaptation of the microbial commu-
nity. Concurrently, impairment of the intestinal barrier may 
promote the translocation of gut-derived microbial products to 
the liver through the gut-liver axis. Such processes could fur-
ther sustain systemic inflammation and contribute to the es-
tablishment of an immunosuppressive pre-metastatic hepatic 
niche, thereby creating conditions favorable for metastatic col-
onization [10, 11, 63].

Currently, the clinical diagnosis of CRLM primarily relies 
on imaging modalities such as contrast-enhanced abdomi-
nal and pelvic CT/MRI, alongside serum CEA testing [73, 74]. 
However, existing diagnostic approaches suffer from significant 
limitations, including delayed detection and insufficient sen-
sitivity. Imaging examinations can only identify macroscopic 
metastatic lesions and fail to detect occult micrometastases [75]. 
Meanwhile, the sensitivity of CEA is merely 40%–60%, with 
nearly 30% of CRLM patients maintaining CEA levels within the 
normal range [76]. In contrast, our RF model, which integrates 
key microbial taxa and virulence factors (e.g., Staphylococcus, 
Corynebacterium, Finegoldia, and VF0160 FeoAB), achieved 
a 97.5% accuracy in distinguishing non-metastatic CRC from 
CRLM (Figure 7b). Crucially, these predictive features are not 
merely statistical markers but may reflect underlying biolog-
ical alterations. The decreased abundance of Staphylococcus, 
Corynebacterium, and Finegoldia may reflect disruption of 
commensal microbial homeostasis, leading to impaired intes-
tinal barrier integrity and increased microbial translocation 
[15, 77]. VF0160 FeoAB confers microbial ferrous iron acquisi-
tion, which, alongside siderophore-mediated ferric iron uptake, 
may support bacterial persistence through iron competition 
under heightened inflammation and oxidative stress in the 
dysbiotic gut associated with CRLM [78, 79]. However, these 
interpretations remain speculative, as unavailable contig-level 
assembly files preclude species-level attribution of FeoAB, and 
its biological activity was not directly assessed. Compared to 
current clinical tools, this model requires only a fecal sample, 
thus provides a non-invasive, radiation-free detection approach. 
This model holds potential to assist in the preoperative risk 
stratification of liver metastasis in CRC patients, whereas pro-
spective validation in larger multicenter cohorts is required be-
fore clinical application.

This study provides a valuable foundation for understanding 
microbiota-associated CRLM progression; however, we rec-
ognize some inherent limitations. First, the relatively limited 
sample size (n = 20 per group) may constrain the statistical 

power and generalizability of our findings. Although the ma-
chine learning model demonstrated promising discriminatory 
performance within the present single-center cohort, prospec-
tive validation in larger multicenter cohorts is required to as-
sess its generalizability and clinical utility. Second, detailed 
dietary information was not systematically collected in the 
present cohort, and potential dietary effects on gut microbi-
ome composition and diversity therefore could not be fully as-
sessed. Future prospective studies incorporating standardized 
dietary assessments are needed to better evaluate and control 
for this potential confounding factor. Third, consistent with 
the nature of metagenomic profiling, our findings primarily 
reveal biological associations rather than definitive causality. 
Microbiota-derived metabolites, such as SCFAs, tissue-level 
metastasis-related markers, including EMT-associated pro-
teins, and inflammatory cytokines, such as IL-1β and TNF-α, 
were not directly assessed in the present study. Future studies 
integrating metagenomics with metabolomics, tumor tissue 
profiling, cytokine measurements, and in  vivo and in  vitro 
experiments are required to validate these associations and 
elucidate the underlying biological mechanisms.

5   |   Conclusions

This study provides a systematic and comprehensive char-
acterization of the ecological succession, functional repro-
gramming, and co-occurrence network dynamics of the 
gut microbiota during the progression from health to non-
metastatic CRC and, ultimately, to CRLM. Our findings 
indicate that CRLM is associated not only with shifts in mi-
crobial species abundance but also with a marked reorgani-
zation of the gut microbial ecological network, characterized 
by reduced connectivity and network efficiency together with 
increased modularity. This network restructuring was accom-
panied by a redistribution of taxa occupying key topological 
roles. In parallel, stage-specific functional remodeling was 
observed, with non-metastatic CRC showing infection- and 
virulence-related microbial functions and CRLM displaying 
a distinct functional repertoire involving microbial secondary 
metabolism and stress adaptation. Based on these insights, 
we developed a multidimensional metagenomic classification 
model that integrates core microbial taxa with functional vir-
ulence factors. This model achieved an overall 97.5% accuracy 
in distinguishing CRLM from non-metastatic CRC within 
the present cohort. In summary, this study provides further 
evidence that gut microbiome alterations are associated with 
CRLM and highlights their potential relevance to future risk 
stratification and microbiome-based intervention strategies. 
Nevertheless, prospective validation in larger multicenter co-
horts is required before clinical translational utility.
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