
Frontiers in Medicine 01 frontiersin.org

Exploring the relationship 
between co-abundance of gut 
microbiota and novel metabolic 
pathways in different subtypes of 
irritable bowel syndrome: insights 
from the American Gut Project
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Digestive Laboratory of Traditional Chinese Medicine Research Institute of Spleen and Stomach 
Diseases, Xi-yuan Hospital, China Academy of Chinese Medical Sciences, Beijing, China

Background: Irritable bowel syndrome (IBS) is a prevalent functional 
gastrointestinal disorder with an unclear etiology. Recent studies have 
underscored the association between alterations in the gut microbiome and 
the pathogenesis of IBS. However, limited knowledge exists regarding the co-
abundance patterns of gut microbiota and metabolic pathways across different 
IBS subtypes.

Methods: In this study, we  utilized the comprehensive gut microbiome data 
from the American Gut Project (AGP). Through Spearman correlation analysis, 
the random forest model, SHAP analysis, and the PICRUSt2 prediction function, 
we constructed and screened the gut microbiota co-abundance groups and their 
metabolic characteristics of three cohorts of patients with different subtypes 
among cohorts of patients with three distinct IBS subtypes: predominant 
constipation (IBS-C), predominant diarrhea (IBS-D), and unclassified (IBS-U), 
as well as three non-IBS control groups (non-IBS1, non-IBS2, and non-IBS3, 
respectively).

Results: Our study findings indicate that, in comparison to their respective non-
IBS groups, there was a significant difference in the prevalence of 37.5% specific 
co-abundance groups (CAGs) identified across all three IBS subtypes: IBS-C, 
IBS-D, and IBS-U. In addition, the random forest model shows that there are 
2–4 characteristic CAGs for each subtype. We also analyzed the co-abundance 
networks between each CAG and metabolic pathways. Additionally, we analyzed 
the co-abundance networks between each CAG and metabolic pathways. No 
significant species-metabolic pathway co-abundance groups were found in the 
IBS-C group. In the IBS-D group, 50% of CAGs showed significantly different 
co-abundance with related metabolic pathways compared to the non-IBS 
control groups, while in the IBS-U group, this figure was 80%. Through the 
analysis of differentially expressed metabolic pathways, we revealed significant 
disturbances in SCFAs and LPS metabolic pathways (particularly a marked 
increase in acetate) in IBS-D patients, whereas IBS-U patients only exhibited a 
non-significant downward trend in tryptophan metabolic pathways.

Conclusion: These results indicate that the alterations in the gut microbiota 
and their associated metabolic pathways differ among IBS subtypes, leading to 
distinct developments and symptoms. This expands our current understanding 
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of the gut microbiota in different IBS subtypes and provides a theoretical 
foundation for further research.
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1 Introduction

Irritable bowel syndrome (IBS) is a common functional 
gastrointestinal disorder characterized by chronic abdominal pain, 
abnormal bowel function, and bloating. Existing data suggests that 
IBS is one of the most common gastrointestinal diseases globally, 
affecting approximately 4% of the population (1). According to the 
Rome IV criteria, there are four subtypes of IBS with predominant 
constipation (IBS-C), IBS with predominant diarrhea (IBS-D), IBS 
with mixed bowel habits (IBS-M), and unclassified IBS (IBS-U) (2). 
Although the exact pathogenesis is not fully understood, increasing 
evidence indicates that alterations in the gut microbiota may 
be closely associated with the onset and development of IBS (3, 4). 
The gut microbiota constitutes a complex ecosystem populated by 
trillions of microorganisms that engage in intricate ecological 
interactions to exchange or compete for nutrients, signaling 
molecules, and immune evasion strategies. These interactions 
significantly influence the modulation of immune function, the 
maintenance of metabolic balance, and the preservation of intestinal 
barrier integrity (5). Co-abundance refers to the phenomenon where 
two or more microbes display similar patterns of abundance 
fluctuations within a specific temporal and spatial scale in an 
ecosystem. Recent study (6) has shown that distinct subtypes of IBS 
exhibit variations in their gut microbiota composition. However, the 
co-abundance of gut microbiota across different IBS subtypes 
remains under-researched. To address this gap, a proposed 
methodology involves constructing correlation-based co-abundance 
networks, which can elucidate the levels of correlation or 
co-enrichment among the gut microbiota.

The metabolism of intestinal microbiota is diverse and complex. 
Specific microbial populations may influence IBS symptoms by 
modulating metabolic pathways. These microbes metabolize 
nutrients (7) from food, including carbohydrates, proteins, and fats, 
and produce metabolites such as short-chain fatty acids (SCFAs) 
(e.g., butyric acid, propionic acid, and acetic acid) (8), which can 
influence intestinal mucosal health and immune regulation. 
Conversely, the metabolic activity of the microbiota may lead to the 
accumulation of toxic metabolites in the intestinal environment, 
such as ammonia (9), histamine (10), and hydrogen sulfide (11), 
which may stimulate the intestinal mucosa and exacerbate 
symptoms. We hypothesize that as the gut microbiota evolves, its 
metabolic pathways may undergo corresponding alterations, and the 
variations in metabolic byproducts could potentially underlie the 
diverse symptomatology of diseases. Therefore, investigating the 
co-abundance relationships between the gut microbiota and their 
metabolic pathways in IBS is crucial for a deeper understanding of 
the etiology of IBS symptoms.

In this study, we  aimed to deepen our understanding of the 
intricate relationships among co-abundance of gut microbiota, IBS 
subtypes, and metabolic pathways by analyzing sequencing data 

from the American Gut Project (AGP) using a one-to-one pairing 
algorithm with an equal number of matched controls. These results 
highlight the heterogeneity of the gut microbiota and its role in the 
pathophysiology of IBS, offering new insights and guidance for 
further mechanistic studies on the interactions of gut microbiota 
across various IBS subtypes.

2 Materials and methods

2.1 Data availability

This research utilized the publicly accessible database of gut 
microbial samples from the American Gut Project, established in 
November 2012 by the American Gut Consortium (12). 
Internationally collected samples were initially shipped to local 
collection points, stored at −80°C, and subsequently transported to 
the United States. These samples underwent 16S rRNA sequencing 
(V4 region) using platforms such as the Illumina MiSeq, Illumina 
HiSeq Rapid Run, and Illumina HiSeq High-Output. The raw fastq 
data files were obtained from the European Bioinformatics Institute 
(EBI) database, listed under project ID PRJEB11419. Consent was 
obtained from all participants following protocols approved by 
Institutional Review Boards, either from the University of Colorado 
Boulder (Protocol No. 12-0582; from December 2012 to March 
2015) or the University of California, San Diego (Protocol No. 
141853; from February 2015 onwards). No personally identifiable 
information was included or accessed within the public database or 
this study (12).

2.2 Building of fully paired cohorts for IBS 
and non-IBS controls

This study enrolled a total of 966 self-reported IBS cases and 966 
self-reported non-IBS controls. Following established criteria from 
previous studies (13), we included both IBS and non-IBS participants 
while excluding individuals who: (1) were aged <18 or >80 years, (2) had 
BMI <12.5 or >40, (3) resided outside the United States, United Kingdom, 
or Canada, (4) failed to provide fecal samples, (5) lacked bowel 
movement quality data, (6) had taken antibiotics within 6 months prior 
to enrollment, or (7) had type 2 diabetes. Control subjects were selected 
from a pool of non-IBS candidates using identical exclusion criteria.

The exact matching algorithm was designed based on previously 
reported microbiota-associated confounding variables, including age, 
BMI, height, weight, sex, geographical location, alcohol consumption 
frequency, and dietary intake of meat/eggs, dairy products, vegetables, 
whole grains, and salted snacks (13). Pairwise Euclidean distances 
were calculated between IBS patients and non-IBS controls using the 
aforementioned matching variables, (all of which were centered and 
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scaled to a mean of 0 and variance of 1). One-to-one matching was 
subsequently performed using open-source R code.1

Through the Rome IV diagnostic criteria, we  systematically 
classified and defined the subtypes of IBS. By integrating professional 
medical evaluations (including assessments by physicians and 
physician assistants) with comprehensive analysis of patients’ 
predominant symptoms, bowel movement characteristics, and 
associated clinical manifestations, we  ultimately enrolled study 
samples representing three distinct IBS subtypes: constipation-
predominant (IBS-C), diarrhea-predominant (IBS-D), and 
unclassified (IBS-U). Specifically, IBS-C was defined by the statement, 
“I tend to be constipated (have difficulty passing stool).” IBS-D was 
defined by “I tend to have diarrhea (watery stool).” Due to insufficiently 
precise and clear data to meet the criteria for IBS-M (mixed bowel 
habits)—where more than 25% of bowel movements are classified as 
Bristol Stool Scale (BSS) types 1 or 2 and more than 25% as BSS types 
6 or 7—this subtype was excluded from our analysis. IBS-U was 
defined as a distinct category in this study, comprising subjects who 
reported normal stool consistency (“I tend to have normal stool 
shape”). Finally, three sub-cohorts were constructed: IBS-C, IBS-D, 
and IBS-U, each matched with corresponding non-IBS controls.

2.3 Processing of 16S rRNA sequence data

We downloaded the raw fastq files of AGP database from the 
National Center for Biotechnology Information (NCBI)2 and 
performed data processing using the QIIME2 (14) on the Linux 
platform. A considerable number of low-abundance features may 
increase computational demands and potentially affect FDR-corrected 
p-values when comparing variations in high-abundance outcomes, 
leading to potential false negatives. To prevent such errors, 
we excluded sequences from the feature table that were present in 
fewer than 30 samples and had an absolute abundance of less than 10 
reads. This resulted in the generation of an Amplicon Sequence 
Variant (ASV) table for the 16S rRNA sequences. Then use the trained 
classifier “classifier_g9_13_8_99_V4” for species annotation. 
Classification was performed on the V4 region of the bacterial 16S 
rRNA gene, enabling identification of the taxa at the levels of phylum, 
class, order, family, and genera in the feature table. Further, 
we employed PICRUSt2 (version alpha.2) (15) to predict functional 
pathways using the MetaCyc database.3

2.4 Calculation and analysis of microbiota 
co-abundance

To investigate the co-abundance of gut microbiota and their 
correlation with metabolic pathways in different subtypes of IBS, 
we employed the following computational and analytical methods: 
we  utilized 16S rRNA sequencing data from the AGP database, 
conducted quality control and denoising on the raw sequencing data 
to obtain high-quality sequences, and established ASVs based on these 

1 https://github.com/ivanvujkc/AGP_confounders

2 https://www.ncbi.nlm.nih.gov/

3 https://metacyc.org/

sequences. We  aggregated similar sequences into genera using 
clustering algorithms. We selected genera present in at least 20% of the 
samples with an average relative abundance ≥0.05%, resulting in 37 
genera in the IBS-C group, 44 genera in the IBS-D group, and 40 
genera in the IBS-U group. We calculated the co-abundance of the 
microbial community using the relative abundances of these genera 
across all samples. Using R version 3.4.2, we computed Spearman 
correlation coefficients for the gut bacteria in the IBS subgroups and 
the non-IBS (control) group, applying the Benjamini–Hochberg 
multiple comparison correction method to adjust the p-values. 
We  selected co-abundant relationships with the absolute value of 
correlation coefficients >0.4 for further analysis. We employed the 
Ward clustering algorithm in R to cluster the bacteria within each 
co-abundance group (CAG) into eight CAGs, each containing 2–10 
genera. Finally, we  utilized Cytoscape for visualizing the 
co-abundance networks.

Next, we calculated the mean relative abundance of each CAG 
containing bacteria in each subtype, and conducted analysis of 
Wilcoxon rank-sum test to determine significant differences between 
different subtypes and the non-IBS control groups. Wilcoxon 
rank-sum test was used to compare the relative abundance of bacteria 
within the eight clustered co-abundance groups in each subtype 
between patients and control groups, followed by statistical result 
visualization using GraphPad Prism 8.3.0.

2.5 Apply random forest and SHAP analysis 
to screen characteristic gut microbiota 
CAGs for IBS subtypes

This study used the Random Forest algorithm to screen 
characteristic CAGs for different IBS subtypes. First, we summed the 
relative abundances of all CAGs in each subtype to create a new feature 
matrix. Then, we used stratified sampling to divide samples into a 70% 
training set and a 30% test set, ensuring equal sample sizes for the IBS 
and control groups. We built a classification model with the random 
Forest package, using 500 decision trees. Feature importance was 
calculated by the mean decrease Gini method and visualized. After 
10-fold cross-validation for model stability, we  ranked feature 
importance scores in descending order. After the model training is 
completed, use the prediction function to predict the categories of the 
test-set samples, and calculate metrics such as accuracy, sensitivity, and 
specificity through the confusion matrix. The pROC package was used 
to plot ROC curves and calculate AUC for discriminative evaluation.

Finally, we  used the SHAP method from the iml package to 
analyze key CAG contributions. To balance efficiency and reliability, 
we randomly selected 100 test samples for SHAP value calculation 
(sample size = 50). We  compared the contributions of the top six 
CAGs in IBS subtypes using grouped box plots, visualized with 
ggplot2. All analyses were conducted in the R 4.3.3 environment.

2.6 Analysis of the correlation between 
bacteria and metabolic pathways

In this study, we  specifically focused on the co-abundance 
relationships between gut microbiota and metabolic pathways across 
different IBS subtypes. To determine whether the elevation or 
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reduction of certain bacteria may lead to changes in specific metabolic 
pathways, we  utilized PICRUSt2 to map the obtained bacterial 
abundance data onto MetaCyc pathways. This enabled us to obtain 
relative abundance data for each pathway and further analyze the 
correlation between bacterial abundance data and MetaCyc pathway 
abundance data. Spearman correlation coefficients were calculated 
using R version 3.4.2, and Cytoscape 3.9.1 software (16) was used for 
visualizing the co-abundance networks between bacterial abundance 
and MetaCyc pathway abundance data. We  grouped metabolic 
pathways belonging to the same hierarchical classification together 
and performed Wilcoxon rank-sum tests on each pathway associated 
with each CAG in the IBS subtypes group and non-IBS control groups.

3 Results

3.1 Cohort characteristics

To investigate the co-abundance of gut microbiota and the 
potential differences in metabolic pathways among different subtypes 
of IBS. By considering the patient’s primary symptoms as diagnosed by 
a medical professional (doctor, physician assistant), bowel movement 
characteristics, and associated symptoms, we included samples from 
three subtypes of IBS: IBS-C, IBS-D, and IBS-U, totaling 1,031 pairs. 
We  conducted data screening and preprocessing using the AGP 
database to obtain high-quality samples from 966 IBS patients, 
including 230 IBS-C, 365 IBS-D, and 371 IBS-U cases, along with 966 
non-IBS pairs matched to each sample, including 230 non-IBS1, 365 
non-IBS2 and 371 non-IBS3 cases. There were no differences in age, 
BMI, height, weight and sex between the IBS-C patients group and the 
non-IBS1 group (Figures 1A–E), between the IBS-D patients group and 
the non-IBS2 group (Figures 1F–J), and between the IBS-U patients 
group and the non-IBS3 group (Figures  1K–O). Meanwhile, no 
statistically significant differences were observed in age, BMI, or sex 
among the three IBS subtypes (Figures 1P,Q,T). However, significant 
differences in height and weight were found between IBS-C and both 
IBS-D and IBS-U (Figures 1R,S) (p < 0.05). To date, no studies have 
identified height as a factor influencing IBS clinical symptoms. The 
observed increase in weight aligned with height trends is physiologically 
expected, given that BMI did not differ significantly among the groups.

3.2 The key findings on the co-abundance 
of gut microbiota in the IBS-C subtype

To investigate co-abundance differences among bacterial genera at 
the genus level in the IBS-C subtype, we identified 37 enriched bacterial 
genera categorized into eight CAGs, each containing 2–10 genera 
(p < 0.05). A total of 106 and 98 co-abundances were identified in the 
IBS-C and non-IBS1 groups, respectively, both exhibiting positive 
correlations. Compared to the non-IBS1 group, the IBS-C group showed 
a significant decrease in correlations involving CAG2, CAG3, and CAG4, 
encompassing genera such as Clostridium, Bacteroides, Blautia, 
Ruminococcus, Dorea, Faecalibacterium, Lachnospira, and Parabacteroides 
(p < 0.05). This decrease was particularly pronounced in the Clostridium 
genus within CAG2 and Bacteroides within CAG4 (Figure 2A). This may 
indicate a notable alteration in the gut microbiota structure of IBS-C 
patients, especially impacting the Clostridium and Bacteroides genera.

Figure 2B presents the results of the Wilcoxon rank-sum test for 
the average relative abundances of eight CAGs in IBS-C (p < 0.05). The 
findings reveal that, compared to the non-IBS1 group, the relative 
abundances of CAG2 (p < 0.01) and CAG4 (p < 0.05) significantly 
increased in IBS-C patients, while the average relative abundance of 
CAG3 significantly decreased (p < 0.01) (Figure 2B). These three CAGs 
are predominantly composed of beneficial bacteria as reported in the 
literature, including Bacteroides, Akkermansia, Ruminococcus, Alistipes, 
Butyricimonas, Clostridium, Faecalibacterium, and Blautia. These 
observations may represent a novel microbial configuration in IBS-C.

3.3 The key findings on the co-abundance 
of gut microbiota in the IBS-D subtype

To investigate differences in bacterial genus co-abundance at the 
genus level within the IBS-D subtype, we categorized 44 enriched 
genera in IBS-D into eight CAGs, each containing between 2 to 9 
genera (p < 0.05). Figure 3A illustrates the co-abundance networks of 
genera between the IBS and non-IBS2 groups. In the IBS-D group, 148 
co-abundances were identified, compared to 92  in the non-IBS2 
group. The enhancement of correlations between genera in the IBS-D 
group, compared to the non-IBS2 group, was primarily observed in 
CAG1, CAG2, CAG5, and CAG6. These involved Oscillospira and 
Streptococcus in CAG1; Leptotrichia in CAG2; Megasphaera and 
Peptostreptococcus in CAG5; and Paraprevotella and Peptoniphilus in 
CAG6. While decreased correlations were noted for Coprococcus in 
CAG3. Notably, the alterations in Oscillospira in CAG1; Leptotrichia 
in CAG2; Coprococcus in CAG3; and Megasphaera in CAG5 were 
particularly pronounced (Figure  3A). Based on the results of the 
Wilcoxon rank-sum test for the average relative abundances of the 
eight CAGs, in IBS-D patients, the average relative abundance of 
CAG3 significantly increased (p < 0.05), while those of CAG1 
(p < 0.01) and CAG2 (p < 0.01) significantly decreased (Figure 3B).

3.4 The key findings on the co-abundance 
of gut microbiota in the IBS-U subtype

To investigate differences in bacterial genus co-abundance at the 
genus level within the IBS-U subtype, we  categorized 40 enriched 
genera in IBS-U into eight CAGs, each containing between 2 to 9 genera 
(p < 0.05). Figure 4A depicts the co-abundance networks of genera 
between the IBS and non-IBS3 groups. A total of 58 co-abundances 
were identified in the IBS-U group, compared to 130 in the non-IBS 
group. In the analysis of genus-level co-abundance differences in the 
IBS-U subtype, significant co-abundance network differences were 
evident between the IBS-U group and the non-IBS group. Compared to 
the non-IBS3 group, the connectivity among bacteria in the IBS-U 
group primarily decreased in CAG4, CAG5, and CAG6. The involved 
genera include Coprococcus, Blautia, Ruminococcus, and Anaerostipes in 
CAG4; Bacteroides in CAG5; and Clostridium, Lachnospira, 
Faecalibacterium, Dorea and Oscillospira in CAG6 (Figure 4A).

According to the results of the Wilcoxon rank-sum test in 
Figure 4B (p < 0.05), for the average relative abundances of the eight 
CAGs, we observed that, compared to the non-IBS3 group, the average 
relative abundances of CAG2 (p < 0.01), CAG4 (p < 0.05), and CAG6 
(p < 0.01) significantly increased in IBS-U patients. Notably, CAG2 

https://doi.org/10.3389/fmed.2025.1615717
https://www.frontiersin.org/journals/medicine
https://www.frontiersin.org


Han et al. 10.3389/fmed.2025.1615717

Frontiers in Medicine 05 frontiersin.org

includes core gut bacterial genera such as Prevotella, Lachnobacterium, 
and Akkermansia (Figure 4B). This suggests that the weakening of 
interactions among these beneficial bacteria could be a factor in the 
pathogenesis of IBS-U. These findings provide additional evidence of 
microbial composition differences between IBS-U patients and the 
non-IBS3 group, offering new insights into the pathogenesis of IBS-U.

3.5 Characteristic CAGs of different IBS 
subtypes were revealed based on random 
forest and SHAP analysis

In the IBS-C group, CAG4 and CAG2 are of the most significant 
relative importance (Figure 5A). Similarly, the average SHAP values 
of CAG4 and CAG2 also rank among the top (Figure 5G). These 

results strongly suggest that CAG4 and CAG2 are highly likely to 
be the characteristic CAGs of IBS-C. For the IBS-D group, the CAG3 
ranks first in terms of importance, and CAG2, CAG8, and CAG1 are 
also of relatively high importance (Figure 5B). The average SHAP 
values of these four CAGs are also very prominent (Figure 5H). This 
further confirms that CAG3, CAG2, CAG8, and CAG1 may be the 
characteristic CAGs of IBS-D, with CAG3 playing a particularly 
crucial role. In the IBS-U group, the CAG6 has the highest relative 
importance, and CAG3 and CAG4 are also relatively prominent 
(Figure 5C). The average SHAP value of CAG6 reaches the highest 
(Figure  5I), which further consolidates the important position of 
CAG6 and other CAGs in the IBS-U group.

The random forest model demonstrates excellent discriminative 
performance in different subtypes of IBS. The area under the curve 
(AUC) values of the IBS-C, IBS-D, and IBS-U groups are as high as 

FIGURE 1

Cohort construction characteristics of IBS subtypes and non-IBS controls. (A–O) The paired t-test results for age, BMI, height, weight and sex between 
the three IBS subtypes and non-IBS controls showed no statistically significant difference. (P–T) The ordinary one-way ANOVA results for age, BMI, 
height, weight, and sex between the three IBS subtypes groups. Sex was coded as 1 (male) and 0 (female) for statistical analysis. *p < 0.05, **p < 0.01, 
***p < 0.001, and ****p < 0.0001, ns, not significant.
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0.979, 0.998, and 0.806, respectively (Figures 5D–F). Figures 5J–L 
present the box-plots of the SHAP value distributions of the top six 
CAGs divided by groups. In the comparison between the IBS and 
non-IBS groups, significant inter-group differences in the SHAP value 
distributions of some CAGs can be  observed. These differences 
provide strong evidence for screening the characteristic CAGs of 
IBS subtypes.

3.6 Analysis of the co-abundance 
differences in gut microbiota and 
metabolic pathways among different 
subtypes of IBS

To investigate whether changes in the abundance of certain 
bacteria lead to alterations in specific metabolic pathways, we analyzed 
the co-abundance of gut microbiota and metabolic pathways in IBS 
subtypes. Figures 6, 7 illustrates the network diagram of co-abundance 

between gut microbiota and metabolic pathways in IBS subtypes, 
along with the results of statistical analysis.

We calculated Spearman correlation coefficients between different 
IBS subtypes and bacteria associated with metabolic pathways, 
selecting co-abundances with correlation coefficients greater than 0.2 
for further analysis. In IBS-C patients, no co-abundances with bacteria 
and pathways exhibited correlation coefficients greater than 0.2, with 
generally low correlation coefficients around 0.1, thus no further 
analysis was conducted.

In the IBS-D group, as depicted in Figures 6A,B, compared to the 
non-IBS2 group, there is a trend towards an increase in negative 
correlations between each CAG and various metabolic pathways. 
Statistical results reveal that the co-abundance of CAG2, CAG3, and 
CAG6 with metabolic pathways exhibits significant differences 
between the disease group and the non-IBS2 group (Figures 6C–H). 
Among these, the positive correlation between CAG2 genera and 
energy metabolic pathways exhibits increased strength (p < 0.001) 
(Figure  6D). The genera in CAG3 show a shift from positive to 

FIGURE 2

The species co-abundance network and the Wilcoxon rank-sum test results for the average relative abundance of eight CAGs in the IBS-C group. 
(A) The genus-level co-abundance network is presented. The node size represents the average abundance of each genus, and different colors indicate 
different CAGs. The lines between nodes represent their correlations, with thicker lines indicating larger correlation coefficients. Only positive 
correlations with coefficients greater than 0.4 are shown in the graph. (B) The Wilcoxon rank-sum test results for the average relative abundance of the 
eight CAGs, with the red color representing the IBS-C group and the pinkish blue color representing the non-IBS1 group. The results not reaching 
significance were not labeled with “ns” in the figure. *p < 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.0001.
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negative correlations with vitamin and cofactor metabolism (p < 0.01), 
nucleic acid metabolism (p < 0.001), and lipid metabolism (p < 0.001) 
(Figure 6E). The correlation coefficient of the genera in CAG6 with 
Carbohydrates metabolism decreases negatively (p < 0.01), and with 
other metabolic pathways, it decreases positively (p < 0.001) 
(Figure 6H). Some of these co-abundance groups have been previously 
reported; for instance, Akkermansia, belonging to CAG2, is known to 
produce acetate and butyrate to meet the host’s energy requirements 
(8), and the Dorea genus, part of the Firmicutes family Clostridiales, 
belonging to CAG3 is renowned for its fermentation metabolism 
utilizing a variety of substrates including glucose, fructose, lactose, 
and aromatic compounds (17).

In IBS-U patients, as depicted in Figures 7A,B, compared to the 
non-IBS3 group, there is a trend of either increase or decrease in the 
positive and negative correlation coefficients between each CAG and 
various metabolic pathways. Statistical results indicate that there are 
significant differences in the correlations between CAG2, CAG4, 
CAG5, and CAG6 and various metabolic pathways. Notably, CAG2, 

CAG4, CAG5, and CAG6 have all undergone significant changes in 
their correlation with the amino acid metabolism pathway. Specifically, 
the correlation coefficient between the amino acid metabolism 
pathway and CAG2 shows a negative decrease (p < 0.0001), with 
CAG4 it exhibits a positive increase (p < 0.05), with CAG5 it presents 
a negative increase (p < 0.01), and with CAG6 it displays a positive 
decrease (p < 0.05) (Figures 7C–G).

Accumulating evidence demonstrates that SCFAs, 
lipopolysaccharide (LPS), and tryptophan metabolism play crucial 
roles in the pathogenesis of IBS. Through analysis of differentially 
expressed metabolic pathways, this study revealed distinct 
metabolic disturbances in IBS-D patients: significant alterations 
were observed in both energy metabolism pathways related to 
bacterial SCFAs and lipid metabolism associated with 
LPS. Specifically, all three major SCFA biosynthesis pathways 
(acetate, propionate, and butyrate) exhibited upward trends, with 
acetate showing statistically significant changes while propionate 
and butyrate demonstrated consistent though non-significant 

FIGURE 3

The species co-abundance network and Wilcoxon rank-sum test results for the average relative abundance of eight CAGs in the IBS-D group. (A) The 
genus-level co-abundance network. The node size indicates the average abundance of each genus, with different colors representing different CAGs. 
The lines between nodes depict their correlations, with line thickness reflecting the magnitude of the correlation coefficients. Only positive correlations 
with coefficients greater than 0.4 are displayed in the graph. (B) The Wilcoxon rank-sum test results for the average relative abundance of the eight 
CAGs, with red color representing the IBS-D group and purple color representing the non-IBS2 group. The results not reaching significance were not 
labeled with “ns” in the figure. *p < 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.0001.
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trends (Figures  8A–C); concurrently, LPS-related metabolic 
pathways were significantly elevated (Figure 8D). In contrast, only 
amino acid metabolism pathways showed differences in IBS-U 
patients. Consequently, we  primarily analyzed the predicted 
pathway abundance changes of tryptophan metabolic pathways 
(Figures 8E,F), which demonstrated a decreasing trend in IBS-U, 
but the difference was not statistically significant.

These findings suggest that alterations in the gut microbiota 
may lead to changes in metabolic pathways, subsequently 
influencing the progression of the disease and the manifestation 
of symptoms.

4 Discussion

The gut microbiome constitutes a complex ecosystem wherein 
microorganisms establish dynamic equilibrium through ecological 

interactions including nutrient competition, signaling molecule 
exchange, and immune evasion mechanisms, with existing studies 
conclusively demonstrating the prevalence of cross-feeding 
interactions within this system (18–21). Through comprehensive 
analyses of distinct IBS subtypes, our study not only revealed 
significant variations in microbial co-abundance patterns but also 
identified characteristic alterations in CAGs and associated metabolic 
pathways. These observed modifications likely reflect unique 
ecological interaction networks among microbial communities across 
different IBS subtypes.

We observed the key genera across subtypes of IBS. In the IBS-C 
group, the relative abundances of CAG2 and CAG4 increased 
significantly, mainly reflected in the genera Clostridium and 
Bacteroides. Moreover, in the random forest model, these two CAGs 
showed characteristic changes in the IBS-C group, indicating that 
they may be the key genera groups for IBS-C. A previous study also 
found an elevated number of Clostridium in IBS-C patients (22), 

FIGURE 4

The species co-abundance network and Wilcoxon rank-sum test results for the average relative abundance of eight CAGs in the IBS-U group. (A) The 
genus-level co-abundance network. The node size indicating the average abundance of each genus and different colors representing different CAGs. 
The lines between nodes represent their correlations, with line thickness indicating the magnitude of the correlation coefficients. Only positive 
correlations with coefficients greater than 0.4 are shown in the graph. (B) The Wilcoxon rank-sum test results for the average relative abundance of the 
eight CAGs, with red representing the IBS-U group and green representing the non-IBS3 group. The results not reaching significance were not labeled 
with “ns” in the figure. *p < 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.0001.
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which is consistent with the results of our study. However, the 
interactions among these genera with increased abundances were 
weakened. It is likely that the competitive effect reduced the 
interactions and metabolic products among the genera, thereby 
leading to hypo-osmotic constipation in the intestine. Nevertheless, 
a prior study reported a decrease in genera Bacteroides in IBS-C 
patients (23), while our study showed an increase. We speculate that 
the impact of genera Bacteroides on the organism may not be solely 
caused by changes in its abundance, but may also depend on its 
interaction patterns.

In addition, CAG3 with a reduced relative abundance contains 
various beneficial bacteria, such as Faecalibacterium with anti-
inflammatory effects (24). Blautia which produces SCFAs (25) and 
Bifidobacterium and Butyricicoccus that have gut-protective effects (26, 
27). In conclusion, constipation in IBS-C patients may be due to the 
reduction of gut microbial metabolic products, resulting in a hypo-
osmotic state and weakened gut motility.

In the diarrhea-predominant IBS-D group, the top four 
CAGs predicted by the random forest model are CAG3, CAG2, 
CAG1, and CAG8. Among these CAGs, the relative abundance 

FIGURE 5

Analysis of the importance of gut microbiota characteristics and evaluation of model performance. (A–C) Relative importance of eight gut microbiota 
CAGs in different IBS subtypes, calculated based on the Gini index decrease method. (D–F) Receiver operating characteristic (ROC) curves and the 
area under the curve (AUC) of the random forest model for different IBS subtypes. (G–I) SHAP value distributions of the top six CAGs ranked by 
importance in different IBS subtypes. (J–L) Box plots of the SHAP value distributions of the top six CAGs grouped by different categories.
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of CAG3 increased significantly, but the co-abundance network 
connectivity of the genera dominated by Coprococcus weakened. 
In contrast, the abundances of the other three CAGs decreased. 
This includes Oscillospira, which can promote cellulose 
degradation and the production of SCFAs (28), and Leptotrichia, 
which has pathogenic effects (29), however, the co-abundance 
network connectivity of CAG1 and CAG2 increased. This 

imbalance in the microbial community may have an impact on 
the host.

Coprococcus in CAG3 is a beneficial anti-inflammatory bacterium. 
The increase in its quantity in IBS-D patients may be an adaptive 
response (30). Although no association between Megasphaera and IBS 
has been previously reported, it can ferment various carbohydrates to 
produce acetate, propionate, and lactate (31). Its high abundance in 

FIGURE 6

The co-abundance network and Wilcoxon rank-sum test results for the intestinal microbiota and metabolic pathways in IBS-D group. (A,B) The co-
abundance network of the intestinal microbiota and metabolic pathways in IBS-D patients is depicted. Node size represents the average abundance of 
each genus and metabolic pathway, with circular nodes denoting metabolic pathways and rectangular nodes representing genera. Lines between 
nodes indicate correlations, with pink representing positive correlations and green representing negative correlations. The thickness of the lines 
indicates the absolute magnitude of the correlation coefficients. Only correlations with coefficients greater than 0.2 are displayed in the graph. (C–H) 
The Wilcoxon rank-sum test results for the average correlation coefficients between each CAG and different metabolic pathway categories in IBS-D. 
Different colors represent distinct metabolic pathway categories. The number to the left of the significance marker indicate the names of metabolically 
significant pathways. The results not reaching significance were not labeled with “ns” in the figure. *p < 0.05, **p < 0.01, ***p < 0.001, and 
****p < 0.0001.
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the gut microbiome of colorectal cancer patients suggests a potential 
association with the disease (32), with significant variations observed 
across different populations (33). We hypothesize that overgrowth of 
these microbes or changes in specific co-abundance patterns lead to 

metabolic product accumulation, disrupting gut homeostasis, 
increasing intestinal permeability, and triggering diarrhea. 
Additionally, IBS-D may be  associated with genetic factors and 
population-specific gut microbiome variations (34).

FIGURE 7

The co-abundance network and Wilcoxon rank-sum test results for the intestinal microbiota and metabolic pathways in IBS-U group. (A,B) The co-
abundance network of the intestinal microbiota and metabolic pathways in IBS-U patients is shown. Node size represents the average abundance of 
each genus and metabolic pathway, with circular nodes denoting metabolic pathways and rectangular nodes representing genera. Lines between 
nodes indicate correlations, with pink representing positive correlations and green representing negative correlations. The thickness of the lines 
indicates the absolute magnitude of the correlation coefficients. Only correlations with coefficients greater than 0.2 are displayed in the graph. (C–G) 
The Wilcoxon rank-sum test results for the average correlation coefficients between each CAG and different metabolic pathway categories in IBS-U. 
Different colors represent distinct metabolic pathway categories. The number to the left of the significance marker indicate the names of metabolically 
significant pathways. The results not reaching significance were not labeled with “ns” in the figure. *p < 0.05, **p < 0.01, ***p < 0.001, and 
****p < 0.0001.
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In the IBS-U group, CAG4 and CAG6 are enriched with a 
large number of dominant genera. According to the analysis of 
the random forest model, these two CAGs are suggested to be the 
characteristic CAGs of IBS-U. Their co-abundance network 
connectivity weakens while their relative abundances increase, 
which may represent the unique microbial community 
characteristics of IBS-U patients. Interestingly, the majority of 
these genera are reported to be  beneficial bacteria, such as 
previous studies confirming the beneficial roles of Bacteroides, 
Faecalibacterium, and Blautia (20, 35). Roseburia can produce 
short-chain fatty acids to maintain gut luminal homeostasis (36). 
Coprococcus has also been confirmed as a beneficial bacterium in 
previous studies (37). Most of these are beneficial bacteria, yet 
their interaction is notably reduced, possibly due to a restrictive 
response to the increased abundance. CAG2 also contains 
Prevotella, Lachnobacterium, and Akkermansia, whose 
abundances remain elevated in the disease group. Therefore, the 
inconsistent changes in the abundance of beneficial bacteria and 
the weakening of their interactions may be the reason why the 
stool characteristics of patients with IBS-U remain normal. The 
weakening or inhibition of interactions among these microbial 
communities could impact the stability of the gut microbiome. 
However, further research is needed to elucidate the exact 
mechanisms involved.

We conducted a Venn diagram analysis of the microbiota in the 
CAGs of gut microbes of these three subtypes. The results showed that 
there were 37 genera shared by the three subtypes, indicating the 
presence of relatively stable gut microbiota in different IBS subtypes. 
There were 45, 47, and 43 genera shared between IBS-C and IBS-D, 

IBS-D and IBS-U, and IBS-C and IBS-U, respectively. In addition, 
IBS-C, IBS-D, and IBS-U had 8, 19, and 15 unique genera, respectively 
(Supplementary Figure  1). These data provide a reference for 
understanding the gut microbiota characteristics of different 
IBS subtypes.

In our correlation analysis between PICRUSt2 functional 
predictions and gut microbiota abundance, we observed that neither 
IBS-C patients nor the non-IBS1 group exhibited absolute correlation 
coefficients exceeding 0.2 between microbial taxa and metabolic 
pathways. We hypothesize this may reflect the extreme complexity of 
microbial interactions, where taxonomic abundance alone cannot 
determine metabolic outcomes, as inter-species competition, cross-
feeding, and other ecological dynamics may fundamentally reshape 
metabolic pathway activities.

In patients with IBS-D and IBS-U, gut microbiota alterations 
and associated metabolic shifts critically influence disease 
progression: the weakened negative correlation between CAG2 
[containing SCFA-producing Lactobacillus (38) and 
Ruminococcus (39)] and energy metabolism pathways 
(Figure  6D) reduces SCFA output, thereby impairing barrier 
function and promoting inflammation via increased permeability. 
Concurrently, CAG6’s diminished suppression of carbohydrate 
metabolism (Figure  6H), attributed to declines in protein-
fermenting Peptostreptococcus (40), triggers aberrant protein 
fermentation, yielding epithelial-damaging metabolites such as 
ammonia, hydrogen sulfide (H₂S), and branched-chain fatty 
acids (BCFAs) (41), along with uncontrolled glycolysis. 
We  hypothesize that this dysregulation leads to excessive 
carbohydrate breakdown with luminal SCFA accumulation, 

FIGURE 8

The paired t-test results for the predicted pathway abundance of SCFA, LPS-associated, and tryptophan metabolic pathways in IBS-D and IBS-U 
groups. (A–C) The predicted pathway abundance of the three short-chain fatty acid (acetate, propionate, and butyrate) metabolic pathways. (D) The 
predicted pathway abundance of the LPS-associated metabolic pathways. (E,F) The predicted pathway abundance of the tryptophan metabolism-
associated metabolic pathways. *p < 0.05 and **p < 0.01, ns, no significant.
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which elevates osmotic pressure and exacerbates diarrhea. This 
hypothesis is supported by the elevated predicted pathway 
abundance of SCFA metabolism observed in Figures 8A–C.

The metabolic association of CAG3 with vitamin, nucleic 
acid, and lipid metabolism shifted from positive to negative 
(Figure 6E), potentially impairing intestinal epithelial renewal 
through suppressed nucleic acid metabolism. Notably, IBS-D 
patients exhibited upregulated LPS-related pathways (Figure 8D), 
consistent with reported elevated plasma LPS levels (42) 
suggesting a pathogenic cascade: increased LPS abundance 
promotes Gram-negative bacterial proliferation, compromises 
barrier integrity, and induces systemic inflammation, ultimately 
driving lipid dysregulation and diarrhea. This integrates 
microbial-metabolic-inflammatory components in IBS-D 
pathophysiology. Additionally, reduced Dorea activity in CAG3 
(43), may shift tryptophan metabolism toward neuroactive 5-HT 
production, aligning with visceral hypersensitivity in IBS-D.

In IBS-U patients, normal stool consistency likely reflects a 
dynamic equilibrium between gut microbiota and amino acid 
metabolism: CAG2 and CAG5 negatively regulate mucosal repair, 
whereas CAG4 and CAG6 synergistically activate protective branched-
chain amino acid metabolism while suppressing harmful metabolites. 
Despite structural microbiota differences between IBS-U and 
non-IBS3 groups, compensatory adaptations in other bacterial 
populations or CAGs counteract these alterations to maintain 
intestinal homeostasis.

This study adopts a holistic approach to investigate gut 
microbial community interactions rather than focusing on 
individual microbes, providing comprehensive insights for 
population-based microbiome therapies. However, the exclusive 
reliance on the AGP database may introduce sampling bias, and 
metabolic pathway predictions generated by PICRUSt2 require 
experimental validation, highlighting the need for more diverse 
data sources. The cross-sectional study design limits causal 
interpretations regarding microbial alterations in IBS 
pathogenesis, necessitating future validation through germ-free 
animal models and fecal microbiota transplantation 
experiments. Although we  identified significant correlations 
between microbial co-abundance networks and metabolic 
pathways, the specific biological mechanisms underlying these 
associations, which likely involve complex interactions across 
IBS subtypes, remain to be  elucidated through further 
mechanistic investigations.

5 Conclusion

The study reveals significant differences in the co-abundance of 
gut microbiota among patients with different subtypes of IBS, 
suggesting that the onset of the disease may stem from the 
dysregulation of interactions among multiple microbial communities. 
The identification of key species in different subtypes and the mapping 
of metabolic pathway changes through species variations provide 
some hypotheses for the distinct symptoms of patients with different 
subtypes. These findings offer a new perspective on understanding the 
pathophysiological mechanisms of different IBS subtypes and imply 
the possibility of treating different IBS subtypes by modulating specific 
gut microbial communities.
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