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patients with colorectal
adenomas
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Affiliated to Shanghai University of Traditional Chinese Medicine, Shanghai, China

Objective: The gut microbiota has been recognized as a significant regulator
in the development and progression of colorectal adenoma (CRA). However,
few studies have investigated the presence and association of resident microbial
species and metabolites in patients with CRA. Our aim was to analyze differences
in gut microbiome composition and metabolites, as well as to evaluate their
diagnostic potential for CRA.

Methods: We conducted metagenomic and metabolomic analyses on fecal
samples from 90 subjects, including 60 patients with CRA (CRA group) and
30 healthy subjects who served as normal controls (NC group). By integrating
fecal metagenomic and metabolomic data, we identified gut microbiota-
associated metabolites that showed significant abundance changes in CRA
patients. Furthermore, we explored whether these metabolites and microbial
species could distinguish CRA patients from healthy individuals.

Results: 16S rRNA gene sequencing and untargeted metabolomics analysis
revealed microbial changes that distinguished CRA patients from controls.
Microbial population analysis showed that the CRA group formed distinct
clusters from the controls, with significant p-diversity (PCA and PCoA
analyses, p < 0.05). At the phylum level, the dominant taxa in terms of relative
abundance included Firmicutes, Ascomycota, Mycobacteria, Actinobacteria,
and Clostridia. Differential analysis of the gut flora based on species abundance
revealed significant differences in taxonomic composition between healthy
individuals and CRA patients. KEGG functional enrichment analysis indicated
that the differential flora were primarily involved in metabolic pathways,
including metabolic pathways, biosynthesis of secondary metabolites,
microbial metabolism in diverse environments, amino acid biosynthesis,
and cofactor biosynthesis. In this study, three microbial species—Fusobacterium
mortiferum, Alistipes, and Bacteroides fragilis—were validated as discriminators
between healthy individuals and CRA patients, with Alistipes showing higher
classification efficacy. Metabolomic analysis revealed differences in tryptophan
metabolism, protein degradation products, amides, and phenolic acid
metabolites. KEGG enrichment results indicated that metabolic pathways
were the most significantly enriched. Differential metabolites were mainly
associated with the biosynthesis of plant secondary metabolites. Procrustes
and Venn analyses were performed on functional entries of the two omics
datasets, highlighting enriched pathways including Metabolic pathways,
Glycerophospholipid metabolism, Sphingolipid metabolism, and Alpha-
linolenic acid metabolism. A review of the literature confirmed that the
differential flora and metabolites are associated with adenoma growth.
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Conclusion:

10.3389/fmicb.2025.1628315

In this study, metagenomic and metabolomic analyses were

conducted in subjects with CRA. The findings based on fecal metagenomic
and metabolomic assays suggest that intestinal microecology is altered in CRA
patients, leading to changes in gut cellular structure.
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1 Introduction

CRA is a significant precancerous lesion for colorectal cancer
(CRC) and its development is a multifactorial, multistep, and
complex process (Sninsky et al., 2022). In recent years, advances in
high-throughput sequencing and metabolomic technologies have
made the role of the gut microbiota in colorectal adenomas a
research focus (Ni et al., 2024). Numerous studies have shown
that the gut microbiota contributes to the development and
progression of CRA through various mechanisms, including
metabolite production, immune regulation, and modulation of
barrier function. Alterations in its composition and function
are closely linked to host health (Song et al, 2024). Both
domestic and international studies have consistently demonstrated
significant differences in the gut microbial composition between
CRA patients and healthy individuals. However, the mechanisms
underlying microbiota-host interactions remain incompletely
understood, particularly how microbial metabolites influence
adenoma formation through host signaling pathways (Jodal et al.,
2022).

Although several multi-omics studies on CRC have been
conducted, they have not fully elucidated the potential involvement
of microbes during the adenoma stage or the causal relationships
between the microbiome/metabolome and tumorigenesis. Research
on CRA and CRC has advanced considerably through the
application of multi-omics approaches, particularly metagenomic
and metabolomic analyses. Therefore, we prospectively collected
fecal samples from individuals undergoing colonoscopy screening
who were diagnosed with CRA and conducted microbiome and
metabolome profiling. This study aims to clarify the role of the gut
microbiome in CRA patients during CRC carcinogenesis.

The gut microbiota in CRC patients plays a crucial role in
cancer initiation and progression through multiple mechanisms.
Microbes contribute to both pre- and post-tumor stages by
inducing genetic mutations and modulating metabolic processes.
Bacterial genotoxins and metabolites can cause DNA damage in
host cells, leading to genetic mutations. For example, pathogenic
Escherichia coli strains carrying the polyketide synthase (pks)
island induce DNA double-strand breaks and disrupt the cell cycle.
Additionally, toxins produced by Pseudomonas aeruginosa elevate
reactive oxygen species (ROS), resulting in DNA damage.

Studies have shown substantial alterations in the gut
microbiome of CRC patients, with certain microbial species being
implicated in disease progression. For instance, Fusobacterium
nucleatum has been consistently associated with CRC and is
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considered a potential biomarker for early detection (Clos-
Garcia et al., 2020; Yachida et al,, 2019). Metabolomic analyses
have also identified significantly elevated levels of metabolites
such as branched-chain amino acids and bile acids in CRC
patients (Yachida et al., 2019). One study identified a panel of
gut microbiome-associated serum metabolites that accurately
distinguish CRA and CRC from healthy controls, highlighting
their potential as non-invasive diagnostic tools (Chen et al,
2022). Another study emphasized the role of gut microbiota and
metabolites in the early stages of CRC pathogenesis, underscoring
the importance of these interactions in disease development
(Kim et al., 2020). Moreover, multi-omics approaches have been
employed to investigate the progression from CRA to CRC.
Integrated analyses of fecal metagenomics and metabolomics
have revealed specific microbial and metabolic changes during
this transition, providing insights into the molecular mechanisms
of tumorigenesis (Clos-Garcia et al, 2020). Furthermore, the
integration of metagenomics and metabolomics technologies
offers new potential targets for early diagnosis and intervention
(Takeuchi et al, 2024). Research suggests that modifying the
gut microbiota composition or supplementing with specific
metabolites, such as butyrate, may represent a novel strategy for
preventing and treating CRA (Takeuchi et al., 2024; Sninsky et al,,
2022). Additionally, biomarkers derived from gut microbiota
and their metabolites show promise for early screening and risk
assessment of CRA (Zhou et al., 2025).

In this study, we conducted metagenomic and metabolomic
analyses of fecal samples from CRA patients to identify microbial
and metabolic signatures. By integrating multi-omics data, we
further explored the role of the gut microbiota in the development
of CRA, aiming to provide a scientific basis for the prevention and
control of CRC.

2 Materials and methods
2.1 Study design

All participants were patients or individuals from a physical
examination population who underwent colonoscopy at Jiaxing
Hospital of Traditional Chinese Medicine, affiliated with Zhejiang
University of Traditional Chinese Medicine, between June 2023 and
December 2023. This study was approved by the Ethics Review
Committee of Jiaxing Hospital of Traditional Chinese Medicine
(Ethics No.: JZYLS2024-Y02021) and was conducted in accordance
with the Declaration of Helsinki.
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The inclusion criteria for patients required a diagnosis of CRA
based on both endoscopic and pathological findings, with reference
to the Endoscopic tissue sampling - Part 2: Lower gastrointestinal
tract. European Society of Gastrointestinal Endoscopy (ESGE)
Guideline-2021. Exclusion criteria included: adenomas larger than
3cm in diameter or requiring surgical resection; a history of
hereditary polyps; pathological confirmation or high suspicion of
malignancy; active intestinal inflammation; history of colorectal
bleeding or surgery; endoscopic procedure within the past
6 months; breastfeeding, current pregnancy, or planning for
pregnancy; local residency of less than 3 months; probiotic use
within 1 month; and lack of informed consent.

A total of 60 fecal samples were collected from CRA patients
and 30 from healthy individuals (all aged between 18 and 70
years). These were assigned to the CRA group and the normal
control (NC) group, respectively. All participants completed a
questionnaire via a case report form covering demographic,
clinical, and lifestyle factors, including age, sex, surgical history,
height, weight, dietary habits, medical history, medication use,
and tobacco and alcohol consumption. All subjects underwent
standard bowel preparation, and colonoscopies were performed by
an experienced gastroenterologist.

2.2 Sample collection

Fecal samples were collected from eligible participants
under fasting conditions (between 5:00a.m. and 8:00a.m.,
prior to colonoscopy prep intervention). Immediately after
defecation, samples were placed into 10 mL sterile centrifuge tubes,
temporarily stored at —20 °C, and subsequently transferred to
a —80 °C freezer for long-term preservation. All samples were
processed within 6 months and shipped to Hangzhou Lianchuan
Biotechnology Co., Ltd. (Hangzhou, China) for macro-genomic
sequencing and metabolomic analysis.

2.3 Macro-genomic sequencing

Fecal samples from the CRA group (n = 60) and the control
group (N = 30) were subjected to macro-genomic sequencing. Total
genomic DNA was extracted using the EZNA® Stool DNA Kit
or the QIAamp DNA Stool Mini Kit. Sequencing was performed
on the Illumina HiSeq 2500 platform with a NovaSeq kit. After
assessing DNA purity and concentration, libraries were constructed
and sequenced.Raw sequencing data were demultiplexed based
on barcodes and filtered to remove low-quality reads. Sequence
annotation and assembly were conducted using PartekFlow and the
MetAMOS pipeline. Non-redundant unigene sets were generated
through sequence clustering. Functional annotation was performed
using the Kyoto Encyclopedia of Genes and Genomes (KEGG)
database via the DIAMOND program. Statistical analysis of
KEGG pathways was carried out using one-way ANOVA in the
STAMP software package. All data analyses were performed in
the R statistical environment. Continuous variables are expressed
as mean = standard error of the mean (SEM) or median
with interquartile range, and categorical variables as frequencies.
Differences in alpha diversity were assessed using the Wilcoxon
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test. Beta diversity was evaluated through principal component
analysis (PCA) and principal coordinate analysis (PCoA) based on
weighted UniFrac distances. Microbial abundance differences were
analyzed with the Wilcoxon rank-sum test in STAMP. Statistically
enriched taxa (LDA score > 3, Bonferroni-adjusted p < 0.05) were
identified using LEfSe. Data visualization at phylum and genus
levels—including bubble plots, heatmaps, and Sankey diagrams—
was conducted with the R packages Rpheatmap, stats, ggplot2,
and ggalluvial.

2.4 Metabolomics analysis

First, metabolites were extracted from the samples using
an organic reagent-based metabolite precipitation method,
and multiple quality control (QC) samples were prepared
simultaneously. The extracted samples were subjected to
randomized sequential on-instrument analysis, with QC samples
interspersed before, during, and after the experimental samples
to serve as technical replicates for assessing the reliability of
the experimental method. Mass spectrometry (MS) scanning
was performed on the samples in positive and negative ion
modes, respectively.

XCMS software was used for peak extraction and quality
control, while metabolite identification was conducted using metaX
software. The identified metabolites were annotated using common
functional databases. Subsequently, the metabolites were subjected
to quantitative analysis, sample correlation analysis, and differential
analysis; for the differential metabolites, a series of functional
analyses were further performed, including KEGG functional
enrichment analysis, mutual network analysis, and metabolite
correlation analysis.

Each QC sample was a mixture of equal volumes (or
equal amounts) of well-prepared study samples, and these
QC samples were interspersed throughout the experiment
as technical replicates. Pearson’s correlation coefficients were
calculated between the abundance profiles of each pair of QC
samples, and a correlation heatmap was generated. The higher
the correlation between samples, the larger the correlation
coefficient and the redder the color in the heatmap. By examining
the Pearson’s correlation coeflicients among QC samples, the
reproducibility of metabolite detection could be evaluated:
better reproducibility of QC samples indicated more stable
instrument performance throughout the entire sample detection
and analysis process.

XCMS software was used to extract and align ion peaks
across different samples, yielding raw abundance data for
each metabolite ion in the samples. Additionally, primary and
secondary metabolite identification information for these ions
was supplemented. The raw abundance data was generally
not used directly and required data quality control and
cleaning before it could be applied to downstream analyses.
For the ions detected via XCMS, the open-source software
metaX was first used for primary identification: the first-stage
(MS1) m/z values of the substances were matched against
databases including HMDB and KEGG. Due to the presence of
numerous isomeric metabolites in these databases, the MS1-based
identification results often exhibited a phenomenon where one
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m/z value corresponded to multiple metabolites; furthermore,
the reliability of MS1-based (idmsl) reference identification
was limited.

Subsequently, an established in-house metabolite tandem mass
spectrometry (MS/MS) library was used to match against the
MS/MS data of the samples, resulting in metabolite identification
results with higher confidence. These results are recommended
to be referred to as MS2-based (idms2) identification results.
It is important to note that current metabolite databases do
not distinguish between species; therefore, the identification
results may include matches to metabolites not actually
present in the samples. During subsequent data mining,
metabolite details can be re-queried using commonly used
databases, including HMDB (https://hmdb.ca/), KEGG (https://
www.kegg.jp/), and PubChem (https://pubchem.ncbi.nlm.nih.
gov/).

XCMS software was used to extract and align ion peaks
across different samples, obtaining raw abundance data for
each metabolite ion in the samples. metaX software was then
employed for data quality control and processing, following
these steps:

Removal of low-quality peaks (defined as peaks with >50%
missing values in QC samples or >80% missing values in
actual samples);

Data normalization using the median normalization method;

Imputation of missing values using the minimum
imputation method.

Metabolite identification was conducted using HMDB (Human
Metabolome Database, v5.0) and METLIN (v2023), with the
following matching criteria: precursor ion mass tolerance < 10
ppm, MS/MS spectral similarity (Dot Product) = 0.8, and retention
time deviation < 0.2 min. Mantel tests were performed using Bray-
Curtis distance (for microbiome data) and Euclidean distance
(for metabolome data), with 999 permutations. For Procrustes
analysis, the same distance matrices were used to align the
principal coordinate analysis (PCoA) coordinates of microbiome
and metabolome data, and significance was evaluated via 1,000
permutation tests.

2.5 Statistical analysis

All pairwise comparisons were performed using the two-
tailed Wilcoxon rank-sum test. Multiple-group comparisons were
conducted using the Kruskal-Wallis H-test. Fishers exact test
was used for analyzing categorical variables. Between-group
differences in metabolite profiles (assessed via Euclidean distance)
and bacterial communities (assessed via Bray-Curtis distance)
were tested.

All statistical analyses were conducted using R software
(v3.6.1), which was used for data preprocessing, statistical
analysis, and predictive model construction. To control for false
positives arising from multiple hypothesis testing, all statistically
derived p-values were adjusted using the Benjamini-Hochberg false
discovery rate (FDR) correction method. Significantly different
OTUs/metabolites were defined as those with an FDR-adjusted
p-value (q-value) < 0.05.
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3 Results

3.1 Clinical baseline data

Participants in the CRA group were older than those in the NC
group (P < 0.001). The body mass index (BMI) of the CRA group
was higher than that of the NC group (P = 0.041). The proportion
of male participants was higher in the CRA group (P = 0.025).
The proportion of participants with a history of hypertension was
higher in the CRA group than in the NC group (P = 0.001; Table 1).

Although significant differences existed between the CRA
group and the NC group in terms of age, BMI, sex, and history
of hypertension (P < 0.05), the microbiota structure (assessed
via PERMANOVA, R2= 0.08, P = 0.003) and the abundances of
metabolites associated with Bacteroidota (8 = 1.2, 95% confidence
interval [CI]: 0.8-1.6, P = 0.01), Bacillota (8 = 1.45, 95% CI: 0.4—
1.2, P =0.003), and Pseudomonadota (8 =1.2, 95% CI: 0.45-1.53,
P = 0.024) remained significantly different after adjusting for these
confounders, suggesting their independent associations with CRA.

3.2 Metagenomic sequencing results

3.2.1 Intergroup differences in gut microbiota
between healthy individuals and CRA patients

The bar graph showed the number of shared and unique
Unigenes between the CRA group and NC group. In total,
2,884,591 Unigenes were identified across the two groups, with
457,209 and 130,644 unique Unigenes exclusive to the CRA and
NC groups, respectively (Figure 1A).

Principal component analysis (PCA) revealed that fecal
samples from CRA patients and healthy individuals had similar
overall microbiota abundance, with partial overlap in community
composition but also distinct floral components (Figures 1B, F). B-
diversity analysis was performed via principal coordinate analysis
(PCoA) based on Bray-Curtis distance to visualize intergroup
differences (Figure 3). The distance between samples was reflected
by two principal coordinates (PCol and PCo2); samples that
clustered closer in the PCoA plot had more similar microbiota
compositions. Adonis test results (p = 0.01) confirmed significant
differences in gut microbiota structure between the two groups.

Difference-in-difference analysis of the two subgroups was
visualized using violin plots and box plots, which showed
significant intergroup differences (Figures 1C, D);  denotes highly
significant differences (p < 0.01). For box plots of divergent species:
based on analysis of variance (ANOVA) results, we selected the top
20 most abundant species among those with significant differences
(marked as “yes” in the “significance” column) and visualized their
abundance across subgroups using box plots (Figure 1E).

3.2.2 Intergroup differences in gut microbiota
species abundance

Based on the statistical table of species abundance at each
taxonomic level, the top 20 most abundant species were selected
by default (all other species were categorized as “Others”).
The abundance of these species in each sample or subgroup
was visualized using: Heatmap (species abundance heatmap)
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TABLE 1 Clinical baseline data.

10.3389/fmicb.2025.1628315

Baseline data NC group (n = 30) CRA group (n = 60) Statistic

Age (At the age of) 29.63 +4.93 53.10 + 11.34 t=—13.65 <0.001
BMI, M (Q1, Q3) 21.90 (19.13, 24.04) 23.33 (22.04, 25.39) Z=-2.04 0.041
Gender, n (%) X2=5.02 0.025
Female 21 (70.00) 27 (45.00)

Male 9 (30.00) 33 (55.00)

History of hypertension, n (%) x2=10.48 0.001
No 30 (100.00) 43 (71.67)

Yes 0 (0.00) 17 (28.33)

History of diabetes mellitus, n (%) x2=1.81 0.179
No 30 (100.00) 54 (90.00)

Yes 0 (0.00) 6 (10.00)

History of coronary heart disease, n (%) x2=0.39 0.533
No 30 (100.00) 57 (95.00)

Yes 0 (0.00) 3 (5.00)

P < 0.05 was statistically significant.

(Figure 2A), Stacked bar plot 2b (species abundance at the
phylum level) (Figure 2B), Cluster plot 2c (species clustering)
(Figure 2C). Stacked bar plots of species abundance at the
phylum level (Figure2B) showed that Bacteroidota, Bacillota,
and Pseudomonadota were the dominant bacterial phyla in
the gut. Heatmap 2a (phylum-level abundance) revealed that,
compared to the NC group, the CRA group had a significant
increase in the abundance of Mycoplasmatota, Verrucomicrobiota,
Chlamydiota, and Lentisphaerota, as well as a significant decrease
in Actinomycetota abundance.At the species level, the abundance
heatmap (Figure 2B) showed that the CRA group had a significantly
higher relative abundance of Bacteroides fragilis, and significantly
lower relative abundance of Phocaeicola plebeius and Megamonas
funiformis compared to the NC group. The top 20 most abundant
bacteria were subjected to species-level differential statistical
analysis (Figure 2D): compared to the NC group, the CRA
group exhibited significantly decreased relative abundance of
Faecalibacterium prausnitzii, Eubacterium rectale, and Roseburia
faecis, while the relative abundance of Fusobacterium mortiferum
and Alistipes spp. (e.g., Alistipes putredinis; specify species if
available) was significantly higher.

3.2.3 KEGG enrichment analysis of differential
unigenes

In organisms, different genes coordinate to perform biological
functions, and pathway-based analysis helps further elucidate
the biological roles of these genes. KEGG pathway enrichment
analysis (Figure 2D) showed that 523,513 differential Unigenes
were enriched in “Global and overview maps” metabolic pathways
within the Metabolism category. Description of eggNOG
classification statistics (Figure 2E): the x-axis represents each
COG functional category, and the y-axis represents the number
of differential Unigenes (n = 523,513) annotated to each COG
category; the legend provides detailed descriptions for each COG
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functional category. Annotation results (Figure 2E) showed that
the largest proportion of Unigenes was annotated to “Function
unknown.” Functional annotation of differential Unigenes
using the KEGG database, combined with clustering of genes
performing the same function, revealed that more genes were
enriched in metabolic pathways (primarily within the Metabolism
category). This indicated that the gut microbiota play important
roles in these metabolic processes. Further metabolic-level
functional enrichment analysis identified significant intergroup
differences in the following pathways: Metabolic pathways,
Biosynthesis of secondary metabolites, Microbial metabolism in
diverse environments, Biosynthesis of amino acids, Biosynthesis
of cofactors.

3.2.4 Differential expression and enrichment
analysis of unigenes

Differentially
notable

(DEUs) are the
of metagenomic

expressed  Unigenes

most results sequencing,  as
they fully reflect Unigene expression differences between

different treatments or sample groups. Different statistical

methods were applied to different subgroups and
comparison groups: Fisher’s exact test: For comparisons
without  biological replicates, ~Mann-Whitney U  test:
For two-group comparisons with biological replicates,

Kruskal-Wallis
biological replicates.

Typically, the default threshold for identifying DEUs was: |log,
(fold change)| = 1 and p < 0.05 (see Supplementary Table S1).

test: For multiple-group comparisons with

3.2.5 GO enrichment analysis and species
annotation of differential unigenes

GO functional enrichment analysis was conducted by mapping
all significantly differentially expressed genes to terms in the
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FIGURE 1

Intergroup differences in gut microbiota between healthy individuals and CRA patients. (A) Venn diagram illustrating shared and unique Unigenes
between the CRA and NC groups. A total of 2,884,591 Unigenes were identified, with 457,209 unique to the CRA group and 130,644 unique to the
NC group. (B) PCoA plot showing microbial community similarity and separation between groups. (C, D) Violin and box plots from pairwise group
comparison, indicating significant differences between groups (** denotes extremely significant difference). (E) Box plots of the top 20 most
abundant differentially expressed species, displaying abundance distribution across groups. (F) 3D PCoA analysis further revealing similarities and
partial overlaps, as well as distinct differences, in microbiota composition between CRA patients and healthy individuals.

Gene Ontology database. The number of genes associated with  expressed gene set compared to the whole genomic background.
each term was calculated, and a hypergeometric test was applied =~ The STAMP plot results indicated that ABC transporters accounted
to identify GO terms significantly enriched in the differentially  for the highest proportion among the most significantly different
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FIGURE 2

Differences in gut microbiota species abundance between the two groups. (A) Clustering heatmap of species abundance at the phylum level. (B)
Stacked bar chart of species abundance composition at the phylum level. (C) Abundance clustering across classification levels based on the GO
database. (D) Significantly enriched pathways among differentially expressed genes: the top 20 most abundant bacterial species were selected for
statistical analysis. The left y-axis indicates the secondary classification of KEGG PATHWAY, the right y-axis shows the primary classification, and the
x-axis represents the percentage of Unigenes annotated to each secondary category. Column values indicate the number of Unigenes annotated per
category. Results reveal that within Metabolism, the "Global and overview maps” metabolic pathway contains 523,513 differentially expressed
Unigenes. (E) eggNOG classification statistics: the x-axis represents COG functional categories, the y-axis shows the number of Unigene annotations
per category. The legend indicates that the majority belong to the “Function unknown” category.
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terms (Figure 3A). UPGMA analysis was performed using the
Unweighted Pair Group Method with Arithmetic Mean to
cluster samples based on a distance matrix. The resulting
dissimilarity coefficient between samples was 0.1; a smaller value
indicates smaller differences in species diversity between samples
(Figure 3B). A GO enrichment bubble chart was generated using
ggplot2 to visualize the enrichment results. Among the three
major GO categories, biological_process contained the most
enriched differential unigenes and the smallest P-value (or Q-
value) (Figure 3C). The GO enrichment bar chart uses different
colors to represent the three major GO categories, with bars of
the same color indicating different GO terms within a category.
Bar height corresponds to the number of differential unigenes
enriched in each term. Specifically, the biological_process category
showed the highest enrichment, followed by cellular_component
(with the highest enrichment in Cytosol) and molecular_function
(Figure 3D). Species annotation was performed using Krona,
where circles represent taxonomic levels (from phylum to species)
radiating outward. The size of each sector reflects the relative
abundance of the corresponding species (Figure 3E). Based on
species abundance tables, Bray-Curtis distance matrices were used
for inter-sample clustering analysis, integrating both clustering and
abundance information.

3.2.6 Advanced analysis

We identified significantly up-regulated seed-level taxonomic
units for each subgroup and higher-level taxa with notable up-
regulation. Results are visualized in a Manhattan plot, which
revealed that phyla such as Bacillota and Pseudomonadota were
prominently up-regulated and contained more genes, whereas
Bacteroidota and Uroviricota were associated with more down-
regulated genes (Figure 4A). Upset analysis illustrated the overlap
between healthy patients and the rest of the sample set. This
highlights the importance of focusing on high-discrepancy samples
to improve diagnostic specificity in medical research, while also
alerting to potential misdiagnosis risks in samples with high overlap
(Figure 4B).

RDA analysis, which is a constrained form of principal
component analysis (PCA), was performed incorporating the top
10 most abundant taxa along with environmental or clinical
indicators measured in each sample (Figure4C). The results
indicated that clinical indicators such as CO and DO had a strong
influence on microbial community composition.

3.3 Metabolomics results

3.3.1 Metabolite identification

A differential metabolic ion summary plot, based on
quantitative ion data, displayed 1,254 significantly up-regulated
and 859 significantly down-regulated ions in the comparative
analysis (Figure 5A). Classification and annotation of identified
metabolites were performed using the HMDB SuperClass system.
Metabolites were cross-referenced with both HMDB and KEGG
databases, and the annotated classification results are presented in a
bar plot. The horizontal axis represents the number of metabolites,
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and the vertical axis indicates the SuperClass categories according
to HMDB annotation (Figure 5B). The PLS-DA score plot
(Figure 5C), permutation test plot (Figure 5D), and principal
component analysis (PCA) plot (Figure 5E) collectively confirmed
that the model was not overfitted. Pearson’s correlation analysis
based on abundance values from quality control (QC) samples
showed strong correlations within the CRA group and among QC
samples, indicating high reproducibility and instrument stability
throughout the detection and analytical process (Figure 5F).

3.3.2 Analysis of metabolite differences

A box plot of the top 30 most significantly differential
metabolites (smallest p-values) was generated to illustrate data
distribution across groups (see Supplementary Table S2).The
horizontal axis represents sample groups, and the vertical
axis shows log,-transformed abundance values. Significance
p-values were calculated based on transformed quantitative
values (Figure 6A).The top five most significant metabolites
(lowest p-values) were selected for individual receiver operating
characteristic (ROC) curve analysis. A combined ROC curve
was also generated using logistic regression modeling. The
aggregate AUC reached 0.9773, indicating high diagnostic accuracy
(Figures 6B, D). A volcano plot was used to visualize the overall
The
represents log, (fold change), and the vertical axis shows -log;o

distribution of differential metabolites. horizontal axis
(p-value). Significantly up-regulated metabolites are marked in
red, down-regulated in blue, and non-significant metabolites
in gray (Figure 6C). A heatmap of differential metabolites is
presented with samples on the horizontal axis and metabolites
on the vertical axis (Top 30 shown by default). Colors indicate
relative abundance: red denotes higher abundance, blue lower
abundance. Note that Z-score normalization was applied,
enabling comparison of the same metabolite across samples
horizontally, but not across different metabolites vertically
(Figure 6E).

3.3.3 Metabolite enrichment analysis

KEGG hierarchical clustering bar plots and KEGG enrichment
bubble charts indicated that metabolic pathways were the most
significantly enriched category (Figures7A, B). A correlation
network diagram was constructed using the top 30 most
significantly differential metabolites. Correlation pairs were
identified based on computed correlation coefficients, and those
with |rho| > 0.7 were selected for network visualization. This
network illustrates relationships between metabolite abundances,
highlighting strongly correlated metabolites and emphasizing
those of particular interest. Each node represents a metabolite,
and nodes with more connections indicate metabolites that may
influence or be influenced by a larger number of other compounds
(Figure 7C).

The KEGG enrichment bar graph, based on GSEA analysis
of KEGG pathways using the smallest p-values and FDR values,
revealed that the top 30 metabolites were primarily associated
with the biosynthesis of plant secondary metabolites (Figure 8A).
The KEGG enrichment ES (enrichment score) line plot currently
did not show significant enrichment for terpenoid and steroid
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FIGURE 3

Unigene expression differences and enrichment analysis. (A) STAMP plot results indicate a high proportional representation of ABC transporters. (B)
UPGMA analysis showing sample clustering based on species diversity; a smaller branch length indicates higher similarity between samples. (C) GO
enrichment bubble chart visualizing enriched GO terms, generated using ggplot2. (D) GO enrichment bar chart: bars are colored according to the
three major GO categories (Biological Process, Cellular Component, Molecular Function), with same-colored bars representing different GO terms
within a category. (E) Species abundance and clustering analysis: based on abundance tables, inter-sample clustering was performed using the
Bray—Curtis distance matrix, and results were integrated with species abundance profiles for visualization.

biosynthesis pathways (non-significant p-value and FDR); however, A correlation heatmap was generated using the top
the ES values suggest a potential weak trend toward enrichment 30 most significant differential metabolites. Red indicates
(Figure 8B). a stronger positive correlation, blue a stronger negative
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FIGURE 4

(A) Manhattan plot: a type of scatter plot used to display a large number of non-zero, widely fluctuating values—first applied in genome-wide
association studies (GWAS) to highlight significantly associated genomic loci. (B) Manhattan diagram: the horizontal axis represents taxonomic units
at the species level, arranged by their full taxonomic names (from phylum to species). (C) Redundancy Analysis (RDA) biplot: each point represents a
sample. Closer distances between points indicate higher similarity in community structure. Arrows represent different environmental factors. An
acute angle between two factors indicates a positive correlation; an obtuse angle indicates a negative correlation. The length of an arrow reflects the
strength of the factor’s influence. The projection of a sample point onto an arrow approximates the value of that factor in the corresponding sample.
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FIGURE 5

(A) Differential ion statistics: the number of significantly up- (red) and down-regulated (blue) ions for each comparison group, based on
post-treatment quantitative ion data. (B) HMDB SuperClass classification and annotation statistics. (C) PLS-DA score plot: the horizontal and vertical
axes represent the first (PC1) and second (PC2) principal components, respectively. (D) Permutation test plot: after randomly permuting sample
group labels, modeling and prediction were repeated; each model corresponds to a set of R* and Q* values. (E) PCA analysis between groups. (F)
PLS-DA analysis between groups.
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