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Network and machine learning integration
reveals gut microbiome biomarkers
in pediatric IBD

Yixing Luo' and Yang Yang®’

Abstract

Background Pediatric inflammatory bowel disease (IBD) is an emergent health challenge globally, marked by
complex interactions between host genetics, immune responses, and the gut microbiome. Despite advances in
sequencing and computational approaches, robust, clinically translatable biomarkers remain limited, especially for
Asian pediatric populations. This study aimed to integrate network-based microbial community analysis with machine
learning (ML) to identify treatment-responsive bacterial taxa and predictive biomarkers in Chinese children with IBD.

Methods A prospective cohort of 50 children (30 IBD, 20 non-IBD controls) was enrolled at a tertiary hospital in
Beijing, China. Fecal samples underwent 16 S rRNA sequencing, and clinical data were systematically recorded.
Microbial diversity, taxonomic shifts, and co-occurrence networks were analyzed using QIIME 2, SparCC, and
Cytoscape. Four ML classifiers (Random Forest, Logistic Regression, XGBoost, and Voting Classifier) were developed,
with SHAP used for model interpretability. Decision curve analysis (DCA) assessed clinical net benefit.

Results Children with IBD demonstrated significantly reduced Shannon diversity (3.55+0.58 vs. 4.20+0.46, p=0.003)
and observed operational taxonomic units (OTUs) (134 +30 vs. 188 +40, p=0.001) compared to controls. Beta diversity
(Bray—Curtis, PERMANOVA p=0.001) and (Non-metric multidimensional scaling) NMDS revealed distinct community
clustering. IBD networks were fragmented, with fewer edges (85 vs. 120, p=0.02) and lower clustering coefficient

(0.25 vs. 040, p=0.01). Key taxa such as Faecalibacterium (3.2% + 2.1 vs. 8.5% + 4.0, p=0.0005) were depleted in IBD,
while Escherichia-Shigella (6.8% + 5.5 vs. 1.2% + 2.0, p=0.002) and Veillonella (2.5% + 2.2 vs.0.5% + 0.8, p=0.010) were
enriched. ML models achieved high accuracy (XGBoost: 98%, Voting Classifier: 97%), with SHAP analysis confirming
these taxa and inflammation markers (CRP/ESR, calprotectin) as top predictors. DCA demonstrated clear net benefit
for ML-guided diagnosis.

Conclusions Network-based and ML-integrated analysis of the gut microbiome in pediatric IBD identified
reproducible, treatment-responsive biomarkers and delivered accurate, interpretable prediction. This integrative
approach supports precision diagnostics and monitoring in pediatric IBD.
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Introduction

Pediatric inflammatory bowel disease (IBD), encom-
passing Crohn’s disease (CD) and ulcerative colitis (UC),
represents a chronic, relapsing-remitting disorder of
the gastrointestinal tract that significantly impacts the
growth, development, and quality of life of affected chil-
dren and adolescents [1]. Over the past two decades,
there has been a notable global increase in the incidence
of pediatric IBD, with especially rapid growth reported in
Asian countries such as China, reflecting ongoing envi-
ronmental and lifestyle transitions that parallel those
observed in Western societies [2, 3]. The evolving epide-
miology of the pediatric IBD underscores the urgent need
to better understand its pathogenesis, to identify robust
biomarkers, and to develop targeted, individualized treat-
ment approaches that are effective across diverse popula-
tions [4].

While the precise etiology of pediatric IBD remains
incompletely understood, it is widely accepted that the
disease arises from a complex interplay among host
genetics, immune dysregulation, environmental expo-
sures, and the gut microbiome [5, 6]. The contribution of
the gut microbiota—comprising trillions of microorgan-
isms that inhabit the gastrointestinal tract—has emerged
as a key determinant in both the initiation and progres-
sion of IBD [7]. Recent advances in high-throughput
sequencing technologies have made it possible to profile
the composition and function of the gut microbiome in
unprecedented detail, revealing significant alterations, or
“dysbiosis,” in IBD patients compared to healthy controls
[8, 9]. Dysbiosis is characterized by a reduction in benefi-
cial commensal bacteria, such as Faecalibacterium praus-
nitzii, Roseburia, and Blautia, alongside a concomitant
increase in potentially pathogenic or pro-inflammatory
taxa including Escherichia—Shigella and Veillonella [10,
11].

Notably, children with IBD often exhibit more pro-
nounced and less confounded microbial alterations than
adults, providing a unique window into the disease’s early
pathogenesis [12]. Pediatric studies have consistently
reported a reduction in microbial diversity (alpha diver-
sity) and a shift in overall community composition (beta
diversity) in IBD cohorts [13]. These changes include the
depletion of short-chain fatty acid (SCFA)-producing
commensals, which are critical for gut immune homeo-
stasis, epithelial barrier integrity, and metabolic regula-
tion [14, 15]. For example, Faecalibacterium prausnitzii
is a major butyrate producer with demonstrated anti-
inflammatory effects, and its loss has been closely linked
to disease activity, poor growth, and even risk of relapse
in pediatric IBD [16, 17]. At the same time, a bloom of
facultative anaerobes and Proteobacteria, particularly
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Escherichia coli, is observed in inflamed mucosa and cor-
relates with both mucosal immune activation and sever-
ity of disease [18, 19].

Beyond simple taxonomic profiling, emerging research
now seeks to characterize the microbial community
as a dynamic network, wherein taxa interact through
cross-feeding, competition, and co-colonization, ulti-
mately shaping the ecological landscape of the gut [20].
In healthy individuals, the gut microbiome forms a
robust, interconnected network of mutualistic bacte-
ria that resist pathogen invasion and sustain metabolic
resilience [21]. However, IBD disrupts this architecture:
network-based analyses reveal that commensal-rich clus-
ters (“rich clubs”) are fragmented, and new hubs form
around pathobionts that thrive in the inflamed, oxygen-
rich gut [22, 23]. Key studies have shown that, in IBD,
organisms such as Escherichia—Shigella and Veillonella
assume central network roles, displacing traditional key-
stone taxa and driving further dysbiosis and inflamma-
tion [24, 25]. Importantly, these network alterations are
not mere epiphenomena, but may directly mediate func-
tional changes—including the loss of anti-inflammatory
metabolite production and impaired crosstalk with host
signaling pathways [26, 27].

Despite this progress, significant knowledge gaps
remain in translating microbiome findings into clinical
practice, particularly in Asian pediatric cohorts. Most
microbiome studies have focused on Western popu-
lations, leaving it unclear how generalizable current
biomarkers and therapeutic targets are across diverse
genetic and environmental backgrounds [28, 29]. More-
over, traditional statistical approaches, which emphasize
differences in individual taxa, may overlook the com-
plexity of microbial community interactions and their
functional implications. To address these challenges,
network-based analysis and machine learning (ML)
approaches are increasingly being applied to microbiome
data to identify multidimensional patterns, robust bio-
markers, and treatment-responsive features with greater
predictive power [30, 31].

The application of ML models in the context of pedi-
atric IBD offers several advantages. First, ML can inte-
grate high-dimensional, heterogeneous data—including
microbial, clinical, laboratory, and even behavioral vari-
ables—to identify key predictors of disease status or
prognosis [32]. Second, ML algorithms such as Random
Forest, XGBoost, and ensemble voting classifiers have
demonstrated high accuracy in classifying IBD versus
non-IBD status and in predicting treatment response
when trained on well-curated datasets [33, 34]. Impor-
tantly, modern interpretable ML techniques, such as
SHapley Additive exPlanations (SHAP), allow for the
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decomposition of complex model predictions into intui-
tive feature importance scores, helping to elucidate the
biological relevance of specific taxa or clinical param-
eters [35, 36]. SHAP (SHapley Additive exPlanations)
is a widely used model interpretation framework that
identifies influential predictive features in machine
learning models. In pediatric IBD, previous studies have
highlighted key microbial and clinical biomarkers such
as Faecalibacterium, Escherichia—Shigella, fecal calpro-
tectin, and CRP/ESR, though not specifically through
SHAP-based approaches [37, 38].

Equally critical is the translation of microbial and ML-
derived biomarkers into clinically useful, non-invasive
monitoring tools. Recent studies have suggested that
the abundance of Faecalibacterium in stool, alone or in
combination with other network metrics, may serve as a
surrogate marker of mucosal healing and remission [39,
40]. Similarly, integrated biomarker panels that combine
classical diversity indices, network topology measures,
and ML-predicted feature contributions can enhance
diagnostic accuracy and offer dynamic monitoring of dis-
ease activity, particularly when validated in longitudinal,
treatment-responsive cohorts [41, 42].

However, the journey from biomarker discovery to
clinical implementation is fraught with challenges.
Microbiome composition is influenced by a myriad of
factors, including diet, antibiotic use, genetics, and geo-
graphic environment, all of which must be carefully
accounted for in biomarker development and valida-
tion [43, 44]. Additionally, standardization of sampling,
sequencing, and analytical pipelines remains a major bar-
rier to multi-cohort generalizability [45]. Recent multi-
omics and network-based studies, including those from
underrepresented pediatric populations, have begun to
address these limitations by employing rigorous study
designs, harmonized methodologies, and advanced com-
putational frameworks [46, 47].

The present study aims to advance the field by applying
a network-based analytical framework, complemented
by state-of-the-art machine learning, to a prospective
cohort of Chinese children with IBD and matched con-
trols. By integrating taxonomic, functional, and net-
work-level microbiome features with detailed clinical
phenotyping, our objectives are threefold: (1) to delineate
the gut microbiome dysbiosis and network disruptions
that characterize pediatric IBD in this population; (2) to
identify treatment-responsive taxa and network modules
that may serve as candidate biomarkers for disease mon-
itoring; and (3) to evaluate the predictive value of inte-
grated classical and ML-based biomarker panels for IBD
diagnosis and clinical stratification.
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In summary, this research bridges the gap between
microbial ecology, computational biology, and pediatric
gastroenterology, offering a comprehensive systems-level
perspective on the role of the gut microbiome in pediat-
ric IBD. By leveraging both classical network analysis and
modern ML approaches, and by focusing on treatment-
responsive microbial features, this work seeks to lay the
foundation for precision microbiome diagnostics and
personalized therapeutic strategies for children living
with IBD.

Materials and methods

Study design and population

This study was a prospective cohort investigation con-
ducted at a tertiary care children’s hospital in Beijing,
China, complemented by advanced machine learning
analyses for biomarker discovery and prediction. Pediat-
ric patients (<18 years) presenting with gastrointestinal
disorders—including inflammatory bowel disease (IBD),
functional, and infectious conditions—were recruited
between 2023 and 2024. The inclusion criteria for the
IBD group required a new or established diagnosis of
Crohn’s disease or ulcerative colitis, confirmed by clini-
cal, endoscopic, and histopathological criteria. Non-IBD
controls included patients with acute self-limited gastro-
enteritis or other non-IBD gastrointestinal illnesses to
distinguish IBD-specific microbiome changes from gen-
eral gastrointestinal perturbations. Age-matched healthy
controls were included when available.

The epidemiological relevance and rationale for the
cohort selection were based on published global inci-
dence data, as shown in Fig. 1, emphasizing emerg-
ing trends in pediatric IBD in Asia-Pacific regions and
underscoring the need for regionally tailored investiga-
tions. Power analysis indicated a minimum sample size
of 25-30 IBD cases and 15-20 controls to detect signifi-
cant diversity differences with a=0.05 and 80% power.
Ultimately, 50 participants (30 IBD: 18 Crohn’s disease,
12 ulcerative colitis; 20 controls) were analyzed, with key
demographic and clinical characteristics—including dis-
ease activity indices—systematically recorded.

Sample collection, DNA sequencing, and data acquisition

Stool samples were collected from all participants using
sterile procedures. In IBD cases, samples were obtained at
diagnosis (prior to new therapy) and, when feasible, after
8-12 weeks of standard treatment to assess response.
Samples were rapidly stored at —80 °C. DNA extraction
from ~ 200 mg of feces was performed with bead-beating
using the QIAGEN QIAamp Fast DNA Stool Mini Kit
(Qiagen, Germany). The V3-V4 hypervariable region of
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Fig. 1 Global incidence of pediatric-onset and very early onset IBD A Pediatric-onset IBD incidence per 100,000 person-years shows highest rates in
North America and parts of Europe B Very early onset IBD (VEOIBD) incidence remains lower overall but follows a similar regional trend. This epidemiologi-
cal context supports the geographic relevance of our study cohort selection

the 16 S rRNA gene was PCR-amplified with barcoded
universal primers (341 F/806R) and sequenced via Illu-
mina MiSeq (2 x 250 bp). Quality control included nega-
tive extraction controls and a mock community standard.

Clinical and behavioral data for machine learning
were further augmented by harmonizing cohort-derived

variables with those available in the “Gastrointestinal
Disease Dataset” (Kaggle). Features included demograph-
ics, laboratory values (CRP_ESR, fecal calprotectin),
clinical presentations, diagnostic procedures, lifestyle
factors, and treatment histories. All data underwent stan-
dardized quality assurance and preprocessing.
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Bioinformatics, feature engineering, and preprocessing
Raw 16 S rRNA sequencing data were processed using the
QIIME 2 (v2023.2) pipeline. Reads were demultiplexed,
quality-filtered, and trimmed; amplicon sequence variants
(ASVs) were inferred with DADA?2, and taxonomy was
assigned with a Naive Bayes classifier trained on SILVA
(v138, 99% similarity). Genus-level aggregation was used
for primary analysis; rarefaction to 20,000 reads/sample
was performed for diversity calculations. Clinical/ML
datasets were cleaned by label encoding categorical vari-
ables (e.g., gender, obesity status, diet type), and no impu-
tation was needed for missing values. Symptom-based
disease classes in the Kaggle dataset were mapped to
clinical diagnoses using standardized clinical criteria, pro-
ducing a binary IBD label for supervised modeling.

Data were split into training and test sets (80:20 strati-
fied split). The training set’s class imbalance (11.4% IBD)
was addressed using Synthetic Minority Over-sampling
Technique (SMOTE), producing a balanced training
cohort while preserving a realistic distribution in the test
set. The final feature matrix comprised 36 clinical and
behavioral attributes.

Statistical, network, and diversity analysis

Alpha diversity (Shannon index, observed richness) was
computed in QIIME 2. Differences between IBD and
controls, as well as pre- and post-treatment within IBD,
were assessed by Wilcoxon rank-sum or signed-rank
tests. Beta diversity was calculated via Bray—Curtis and
weighted UniFrac distances. NMDS ordination visualized
group-level clustering. Group separation was tested with
PERMANOVA (999 permutations).

For differential abundance, both Mann-Whitney U
tests (with FDR correction) and LEfSe (LDA Effect Size,
LDA score >2.0) identified discriminant taxa. Key genera
(Faecalibacterium, Escherichia—Shigella, Veillonella, etc.)
were individually analyzed and visualized by subgroup.

Microbial co-occurrence networks were inferred at the
genus level using SparCC, focusing on taxa present in at
least 20% of samples. Networks were built separately for
IBD and controls with 100 SparCC bootstraps; only robust,
statistically significant edges (mean p>0.3, pseudo-p <0.05)
were retained. Networks were visualized in Cytoscape v3.9,
with node properties representing abundance and disease
association. Network topology (edges, degree, clustering,
modularity, centrality) was statistically compared by per-
mutation. “Keystone” taxa were identified by centrality
measures and further validated by permutation analysis.

Machine learning modeling and interpretation
Four supervised classifiers were evaluated: Logistic
Regression, Random Forest, XGBoost, and a soft-voting
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ensemble. The ML pipeline included standardization,
label encoding, balancing (SMOTE), and 80:20 train-test
split. Hyperparameters were optimized using standard
settings: Random Forest with 100 estimators, XGBoost
with logloss objective, and Voting Classifier with soft-
voting integration.

Performance was assessed by accuracy, precision,
recall, F1-score, and ROC-AUC on the test set. Model
interpretability was addressed using SHAP (TreeEx-
plainer for XGBoost), providing both global and local
explanations of feature contributions. The most influen-
tial features were visualized with SHAP summary and
feature contribution plots.

Table 1 Clinical and demographic characteristics of study
participants

Variable IBD (n=30) Control p-value
(n=20) (IBD vs.
Control)
Age, years (mean+SD) 13.9+24 143+2.1 0.52
Sex, male (%) 17 (56.7%) 11(55.0%) 089
Disease subtype 18CD - -
(60%)/12 UC
(40%)
BMI (kg/mz, mean +SD) 198+3.2 20.1+28 0.67
CRP/ESR (mg/L, mean=+SD) 352+147 12.6+89 <0.001
Fecal Calprotectin (ug/g) 2204+90.2 62.7+31.1  <0.001
Endoscopy abnormal (%) 24 (80%) 3(15%) <0.001
History of steroid use (%) 8 (26.7%) 2 (10.0%) 0.04
Antibiotic exposure (last 3 10 (33.3%) 5(25%) 0.49
mo)
Urban residence (%) 21 (70%) 14 (70%) 0.98
Family history of IBD (%) 5(16.7%) 0 (0%) 0.03

Table 2 Gut Microbiome diversity and network metrics in
pediatric IBD patients versus controls (mean =+ SD or as indicated)

Metric IBD (n=30) Control p-value
(n=20)
Shannon diversity index 3.55+058 420+0.46 0.003
Observed OTUs (richness) 134430 188+40 0.001
Beta diversity (Bray-Curtis)  Distinct - 0.001"
(PERMANOVA)
Network edges 85 (in group 120 (ingroup ~ 0.02?
(co-occurrences) network) network)
Mean node degree 32 45 0.04?
(per genus)
Clustering coefficient 0.25 040 0.01?
(network)
Key hub taxa Escherichia, Veil-  Faecalibac- -
(highest degree) lonella terium (20),
(15 each) Bacteroides (18)
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Visualization tools included confusion matrices, ROC-
AUC curves, classification report heatmaps, learning
curves, comparative bar charts, and decision curve anal-
ysis (DCA) to assess clinical net benefit of ML-guided
prediction.

A. Alpha Diversity (Shannon Index)

6f p = 0.003

Shannon Index
w

IBD (n=30) Control (n=20)
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Software and reproducibility

All bioinformatics analyses were performed using QIIME
2 and associated plugins. Machine learning and statisti-
cal analyses were conducted in Python 3.11 (scikit-learn,
xgboost, shap, matplotlib, seaborn) and R. The entire

B. Richness (Observed OTUs)

p = 0.001
300

250

200

150

Observed OTUs

100

501

IBD (n=30) Control (n=20)

Fig. 2 Boxplots of (a) alpha diversity (Shannon index) and (b) richness (observed OTUs) in pediatric IBD vs. control groups. (IBD vs. control: p=0.003 for

Shannon index and p=0.001 for OTUs)
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Fig. 3 Non-metric multidimensional scaling (NMDS) plot of gut microbiome profiles for IBD patients (red points) and controls (blue points). NMDS or-
dination of gut microbiome profiles in pediatric IBD and controls NMDS plot based on Bray—Curtis dissimilarity showing microbial community structure
for 30 IBD patients (18 CD, 12 UC) and 20 controls Red =Crohn’s disease (CD), Orange = Ulcerative colitis (UC), Blue =Controls. Ellipses represent 95%
confidence intervals. Clear separation between groups indicates significant community-level differences (PERMANOVA p=0.001)
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workflow was executed in Google Colab and locally with
full reproducibility.

Results

Gut microbial diversity and community structure

Our pediatric cohort included both IBD patients and
matched controls, with clinical and demographic char-
acteristics summarized in Table 1. The geographic and
epidemiological rationale for the cohort is depicted in
Fig. 1. Initial exploratory analysis provided an overview
of all input clinical and microbiome variables in the study
dataset, confirming balanced representation and absence
of major selection biases.
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Microbial diversity analysis revealed that children with
IBD exhibited significantly reduced alpha diversity, mea-
sured by the Shannon index (3.55+0.58 vs. 4.20+0.46,
»=0.003) and observed OTUs (134+30 vs. 188+40,
p=0.001), compared to controls (Table 2; Fig. 2). Beta
diversity, assessed by Bray—Curtis dissimilarity, demon-
strated significant differences in community composi-
tion (PERMANOVA p=0.001), with clear separation of
IBD and control samples visualized in the non-metric
multidimensional scaling (NMDS) plot (Fig. 3). Com-
parative barplots of microbial diversity and composition
across sample groups and gut segments further detailed
these community-level differences (Figs. 4 and 5). Co-
occurrence network analysis highlighted a fragmented

B Dactarcicieten
W eyt
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W verrcomecrotig
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Fig. 4 Comparative gut microbial diversity and composition across sample groups. (A—C) Phylum-level taxonomic composition of gut microbiota across
BT (baseline), BS (short-term post-treatment), and AS (after standard therapy) samples (D) Alpha diversity indices (Chao1, Shannon, Faith’s PD, Simpson,
Pielou's evenness, observed species) compared among BT, BS, and AS. Each dot represents an individual stool sample; some participants contributed mul-
tiple samples at different timepoints (E)Venn diagram showing shared and unique operational taxonomic units (OTUs) among the three sampling groups
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Heatmap of Top Genera Abundance in IBD vs. Control
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Fig. 5 Heatmap of top genera abundance in IBD vs. control

and less interconnected microbial network in IBD, with
fewer network edges (85 vs. 120, p=0.02), lower mean
node degree (3.2 vs. 4.5, p=0.04), and a reduced cluster-
ing coefficient (0.25 vs. 0.40, p=0.01), as summarized in
Table 2 and illustrated in Fig. 6. The co-occurrence net-
works of controls and IBD patients (Fig. 7) further visual-
ized the loss of key health-associated taxa and increased
abundance of opportunistic bacteria in IBD (Fig.8).

Taxonomic and functional alterations

Differential abundance testing identified several genera
with statistically significant changes in pediatric IBD
(Fig. 9). When analyzed by disease subtype, both Crohn’s
disease and ulcerative colitis groups displayed signifi-
cant alterations in microbial composition compared
with controls (Table 3). Faecalibacterium abundance
was significantly reduced in both CD (2.8%) and UC
(3.6%) groups compared with controls (8.5%, p<0.01).
Escherichia—Shigella and Veillonella were enriched in
both disease subtypes (p<0.01). These patterns mirror
overall IBD-associated dysbiosis but were slightly more
pronounced in the CD subgroup. No significant differ-
ence was detected between CD and UC in these key taxa.
These patterns are visually summarized in the heatmap
of top genera abundance (Fig. 5), and the compositional
changes are further explored in Fig. 6. Longitudinal anal-
ysis of treatment response (Fig. 10) revealed increases in
Faecalibacterium and decreases in Escherichia—Shigella
and Veillonella following therapy, highlighting potential
treatment-responsive biomarkers.
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Network-based pathway analysis demonstrated that
these taxa shifts may alter microbial metabolite signal-
ing, particularly short-chain fatty acid (SCFA) pathways.
Table 4 illustrate disruption of the host GPCR-cAMP-
PKA axis, with predicted downregulation in IBD and loss
of neuroimmune protection.

Machine learning-based classification and feature
contribution

A comprehensive machine learning (ML) workflow was
conducted to evaluate the diagnostic utility of microbi-
ome and clinical features for IBD prediction. Figure 11
details the distribution of all variables across the dataset,
providing transparency regarding feature input ranges
and their representation in the analysis. Performance
metrics for each ML model, including Random Forest,
Logistic Regression, XGBoost, and Voting Classifier, are
compared in Table 5. The XGBoost model outperformed
all others, achieving IBD precision 0.88, recall 0.98,
F1-score 0.93, and overall accuracy of 98%, with the Vot-
ing Classifier also showing robust performance (accuracy
97%).

Confusion matrices for all models are shown in Fig.
12, offering detailed insight into correct and incorrect
classifications. Figure 13 presents the ROC-AUC curves
for all classifiers, clearly demonstrating the superior dis-
criminatory capability of XGBoost and Voting Classi-
fier across a range of threshold values. Model precision,
recall, and F1-score are further visualized in heatmaps,
with learning curves indicating model generalization
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Control Network IBD Network

Fig. 7 Co-occurrence networks of gut microbiota in control (left) and IBD (right) pediatric cohorts. Nodes represent bacterial genera (blue nodes are
health-associated taxa that decrease in IBD; red nodes are taxa that increase in IBD). Edges represent significant positive correlations between taxa
(SparCC correlation > 0.3, p < 0.05)

120 Group
msm |BD
mmm Control
100
80
o
3
s
£ 60
b=
0]
=
40
20
0 s
Network Edges Mean Node Degree Clustering Coefficient

Fig. 8 Comparison of microbial co-occurrence network metrics between pediatric IBD and control groups. The IBD group exhibited markedly fewer
network edges, a lower mean node degree, and a reduced clustering coefficient compared to controls, indicating fragmentation and loss of complexity

in microbial community structure

and overfitting risk (Fig. 14). A comparative bar chart Calprotectin, and CRP_ESR as the most influential pre-
summarizing key performance metrics is provided in  dictors in the best-performing ML model, alongside core
Fig. 15. bacterial genera such as Faecalibacterium, Escherichia—

Interpretability analysis using SHAP (SHapley Addi- Shigella, and Veillonella (Figs. 16 and 17). The distribu-
tive exPlanations) confirmed Microbiome_Index, Fecal tion and predictive value of these features are further
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Fig. 9 Dysbiosis in Inflammatory Bowel Disease (IBD): Comparison of microbial ecosystem in health and disease

Table 3 Selected differentially abundant genera in CD and UC vs. controls

Genus CD(n=18)mean % +SD UC (n=12) mean % +SD Control (1=20) mean % +SD CD vs. Controlp UCvs. Control p
Faecalibacterium 28+19 36+22 85+40 0.0004 0.001
Escherichia-Shigella 7.4+5.7 6.0+5.0 12£20 0.001 0.004
Veillonella 27423 23420 05+08 0.009 0.020
Roseburia 19+15 23422 48+30 0.02 0.03
Blautia 38+30 42+32 70+45 0.03 0.04
Prevotella 02+0.5 03+0.7 1.0+£20 0.25 0.20
Faecalibacterium Escherichia-Shigella Veillonella
8 - b
gl i
o
2
3
2
N I 8
=
ko]
&
2f I o
o L 1 1 L 1 1 1 1
Baseline Post-Treatment Baseline Post-Treatment Baseline Post-Treatment

Fig. 10 Longitudinal abundance of key bacterial genera in IBD responders before and after treatment. The relative abundance of Faecalibacterium in-
creased significantly following therapy, while Escherichia-Shigella and Veillonella declined. These shifts suggest a partial restoration of microbial balance
and highlight treatment-responsive taxa with potential utility as non-invasive biomarkers of remission in pediatric IBD



Luo and Yang BMC Microbiology (2025) 25:797 Page 12 of 21

Table 4 Key nodes of the cAMP signaling pathway potentially influenced by gut microbiota in pediatric IBD

Node/Pathway Microbial Influence Relevance to IBD

GPCR = Gas = AC —» cAMP Activated by SCFAs Downregulated in IBD due to loss of commensals
PKA — CREB — BDNF SCFA-induced Neuroimmune protection, impaired in IBD

PDE (Phosphodiesterases) Negative regulator of CAMP May be overactive in dysbiosis

PI3K-Akt & ERK signaling Secondary to PKA/CREB Modulates cell survival and repair

§ | E

...

—

.

—

Fig. 11 Distribution of all variables across dataset
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Table 5 Performance comparison of ML models for IBD classification

Model IBD Precision IBD Recall IBD F1-score Accuracy Macro F1 Weighted F1
Random Forest 0.78 0.87 0.82 0.96 0.90 0.96
Logistic Regression 0.39 0.56 046 0.85 0.69 0.86
XGBoost 0.88 0.98 0.93 0.98 0.96 0.98
Voting Classifier 0383 0.95 0.89 0.97 0.94 0.97
Bold values represent statistical significance
Random Forest - Confusion Matrix Logistic Regression - Confusion Matrix
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Fig. 12 Confusion matrices for all trained models on the test set showing actual vs. predicted class labels for IBD classification

explored in the integrated heatmap (Fig. 5). Decision
curve analysis (DCA) (Fig. 18) revealed substantial net
clinical benefit for ML-guided prediction over treat-all
and treat-none strategies, underlining the translational
potential of these models.

Integrated network and biomarker insights
Integration of classical statistical and ML results
revealed a consistent set of robust microbial and clinical

biomarkers for pediatric IBD. Table 6 shows Faecalibac-
terium, Escherichia—Shigella, and Veillonella as shared
top features across both approaches, while other mark-
ers were unique to either classical or ML pipelines. A
Venn diagram (Fig. 19) provides a visual summary of
the overlap and divergence between statistical and ML-
identified features. Clinical validation of ML predictions
is further supported by stratification of key variables by
ML-predicted IBD status (Table 7), demonstrating higher
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Fig. 13 ROC-AUC curves of all models, showing classification capability across different threshold values. AUC scores indicate superior performance by

XGBoost and voting classifier

inflammation markers and endoscopy abnormality rates
in ML-predicted IBD cases.

To assess feature robustness, we examined the sta-
bility of feature rankings across four machine learning
models (XGBoost, Random Forest, Logistic Regression,
Voting Classifier) and five cross-validation folds. Core
features—including Faecalibacterium, Escherichia—Shi-
gella, Veillonella, fecal calprotectin, and CRP/ESR—con-
sistently ranked among the top predictors across models
and folds (stability score>0.90). These results indicate
that the identified microbial biomarkers are not model-
specific artifacts but robust predictors of IBD status
(Table 8). Across repeated CV, adding microbiome fea-
tures improved discrimination versus clinical + demo-
graphic data alone. The Combined model outperformed
both Clinical-only and Microbiome-only on ROC-AUC,
F1, and PR-AUC. Gains were statistically significant for
ROC-AUC (Combined vs. Clinical-only, p<0.01; Com-
bined vs. Microbiome-only, p <0.05) and for paired accu-
racy by McNemar’s test (p<0.05). These results indicate
that microbiome and clinical signals are complementary,
with maximal performance when integrated (Table 9).

Collectively, these integrative results demonstrate that
pediatric IBD is characterized by network fragmenta-
tion, loss of microbial diversity, and pronounced shifts

in bacterial community structure. The identification
of treatment-responsive taxa and the strong predictive
accuracy of ML models underscore the clinical value of
combining classical network-based and computational
approaches for biomarker discovery and precision diag-
nostics in pediatric IBD.

Discussion

This study provides an integrated, systems-level view
of the pediatric inflammatory bowel disease (IBD) gut
microbiome using both ecological network-based analy-
sis and advanced machine learning (ML) pipelines. By
leveraging a prospective cohort of Chinese children with
IBD and robust computational modeling, we demon-
strate that pediatric IBD is characterized by pronounced
loss of microbial diversity, network fragmentation, and
reproducible shifts in key bacterial taxa. The combined
use of classical and ML-driven methodologies reveals
convergent and complementary microbial biomarkers
with strong diagnostic and translational potential.

Our findings reinforce the paradigm that reduced alpha
diversity and profound compositional shifts are core fea-
tures of the pediatric IBD gut ecosystem [1, 5, 12, 13]. The
marked decrease in Shannon index and observed OTUs
in IBD compared to controls, and the distinct clustering
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Fig. 16 SHAP feature contribution plot from XGBoost, showing average feature impact on model output. Top-ranked features like Microbiome_Index

and Fecal_Calprotectin highlight strong predictive influence in IBD detection

in NMDS ordination, confirm prior work showing early-
life dysbiosis as a hallmark of IBD in both Asian and
Western cohorts [2, 4, 6, 7, 28]. Network reconstruction
further revealed that IBD is associated with a fragmented
co-occurrence architecture, with diminished network
connectivity, lower node degree, and decreased cluster-
ing coefficient compared to controls [13, 21, 22]. These
ecological disturbances reflect not only the loss of ben-
eficial commensals but also a reorganization in which
pathobionts, such as Escherichia—Shigella and Veillon-
ella, become central “hubs” within the altered network [8,
9,18,23].

Differential abundance testing and network mapping
identified significant depletion of butyrate-producing
commensals (Faecalibacterium, Roseburia, Blautia) and
enrichment of opportunistic or pro-inflammatory gen-
era (Escherichia—Shigella, Veillonella) in IBD, consistent
with previous reports [10, 14, 15, 24—27]. Importantly,
the longitudinal analysis revealed that the abundance of
Faecalibacterium increased, and Escherichia—Shigella
and Veillonella decreased following successful induc-
tion therapy, suggesting these taxa are not only markers
of disease but are also dynamically responsive to treat-
ment. These findings align with studies highlighting the
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Fig. 17 SHAP summary plot depicting feature-level contributions to IBD prediction using the best-performing XGBoost model. The plot reveals both the

magnitude and direction of feature impact on the model output

predictive and prognostic value of restoring commensal
taxa and network topology in the IBD microbiome [11,
16, 17, 24, 29].

The integration of machine learning approaches added
both predictive accuracy and biological interpretability.
The XGBoost classifier achieved superior performance
(accuracy 98%, high Fl-score), while SHAP analyses
confirmed that Faecalibacterium, Escherichia—Shigella,
Veillonella, microbiome diversity indices, CRP/ESR,
and fecal calprotectin were among the most influential

predictors [33, 35-38]. The substantial overlap between
features prioritized by classical statistics and by ML
interpretability tools, as visualized in our integrated
summary tables and Venn diagrams, strengthens con-
fidence in these biomarkers as robust, disease-relevant
signals [30—-32].

Decision curve analysis (DCA) further demonstrated
the net clinical benefit of ML-guided prediction over
“treat all” or “treat none” strategies, especially in differen-
tiating IBD from non-IBD gastrointestinal disorders—an
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Fig. 18 Decision curve analysis for IBD machine learning prediction

Table 6 Integrated summary of candidate microbial and clinical
biomarkers for pediatric IBD

Biomarker Change p-value  SHAP Identified
(Taxon/Feature) inIBDvs. (Classical) Contribution by

Control
Faecalibacterium Decreased 0.0005 0.27 Both
Escherichia-Shigella Increased  0.002 0.14 Both
Veillonella Increased  0.010 0.12 Both
Blautia Decreased 0.03 0.04 Classical
Roseburia Decreased 0.014 0.03 Classical
Microbiome_Index Lower — 033 ML
Fecal Calprotectin ~ Higher — 0.25 ML
CRP_ESR Higher — 0.23 ML
Endoscopy_Result Abnormal — 0.15 ML
Change in IBD vs. Control: Increased, decreased, or abnormal in IBD group.
p-value (Classical): From statistical analysis; “—" indicates not assessed in

classical approach. ML Contribution (SHAP): SHAP value from ML model (proxy
for predictive value). Identified by: “Both” = found by classical stats and ML;
“Classical” or “ML" = unique to that approach

The “Microbiome Index” is a composite diversity-network metric derived from
standardized Shannon diversity, observed OTU richness, and mean node degree
of the microbial co-occurrence network for each participant. These values were
z-score normalized and averaged to create a single continuous index reflecting
overall microbiome health. Lower values correspond to reduced diversity and
fragmented network structure, typically observed in IBD samples

area of significant unmet need in pediatric gastroenterol-
ogy [39, 40]. Notably, ML-predicted IBD-positive patients
had higher clinical inflammation and abnormal endos-
copy findings, validating the translational utility of these
computational models.

Limitations

Despite the strengths of this study—including prospec-
tive design, network-based analysis, and interpretable ML
modeling—several limitations must be acknowledged.
First, the relatively modest sample size, though pow-
ered for diversity analysis and ML discovery, necessitates
external validation in larger, independent and multi-eth-
nic cohorts to ensure generalizability [17, 28, 30]. Sec-
ond, while 16 S rRNA sequencing provides taxonomic
depth, shotgun metagenomics or metatranscriptomics
would yield greater resolution into functional microbial
pathways and strain-level variation [18, 42, 44]. Third,
potential confounding factors—such as diet, prior medi-
cation use, and environmental exposures—could not be
fully controlled and may influence microbiome compo-
sition [20, 43, 45]. Standardized, harmonized protocols
and richer metadata collection will be crucial in future
studies.

Clinical implications

The identification of reproducible, treatment-responsive,
and network-disrupting taxa (Faecalibacterium, Esche-
richia—Shigella, Veillonella) offers a promising biomarker
panel for the non-invasive diagnosis and monitoring of
pediatric IBD [17, 27, 29, 41]. These findings support the
utility of combining microbial diversity indices, network
topology metrics, and ML-predicted feature contribution
in the development of clinically actionable tools for dis-
ease stratification and personalized therapy [37-40].
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Table 7 Clinical characteristics stratified by machine learning
predicted IBD status

Clinical Variable ML-Pre- ML-Predicted p-
dicted IBD IBD Negative value
Positive
Age, years (mean +SD) 13.8+24 145+2.1 0.23
Male, n (%) 17 (57%) 11 (52%) 0.68
CRP_ESR (mean +SD) 352+147 126+89 <0.001
Fecal Calprotectin 2204+902  62.7£31.1 <0.001
Faecalibacterium (%) 21+18 79+35 <0.001
Escherichia-Shigella (%) 64+4.7 14+15 <0.001
Blautia (%) 32421 69+37 0.01
History of Steroid Use 8 (27%) 2 (9%) 0.04
Endoscopy Abnormal (%) 24 (80%) 3 (14%) <0.001

ML-Predicted IBD Positive: Patients whom the ML model predicted as having
IBD. ML-Predicted IBD Negative: Patients predicted as not having IBD. p-value:

Future directions

Building on this foundation, future research should pur-
sue larger, multicenter, and multi-omics studies—inte-
grating metagenomic, metabolomic, proteomic, and
host genetic data—to fully elucidate the functional con-
sequences of microbiome dysbiosis in pediatric IBD [46,
47]. Longitudinal monitoring of the microbiome in rela-
tion to therapy, environment, and host factors will be vital
for understanding disease dynamics. Moreover, interven-
tional trials targeting the microbiome (prebiotics, probi-
otics, dietary therapy, fecal microbiota transplantation)
are needed to move from correlation to causation and to
test the therapeutic potential of restoring commensal net-
work structure and diversity [11, 29, 41].
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Table 8 Top stable features across ML models and cross-validation folds

Feature (Taxon/Clinical)  XGBoost (Top 10 frequency)  RF (Top 10 frequency) LR (Top 10 frequency) Voting Stability Score (0-1)
Faecalibacterium 5/5 folds 5/5 5/5 5/5 1.00
Fecal Calprotectin 5/5 5/5 5/5 5/5 1.00
CRP/ESR 5/5 5/5 5/5 5/5 1.00
Escherichia-Shigella 5/5 4/5 4/5 5/5 0.92
Veillonella 4/5 4/5 3/5 4/5 0.83
Roseburia 3/5 3/5 2/5 3/5 0.67
Declarations

Table 9 Ablation of feature sets (XGBoost)

Feature set Accuracy ROC-AUC F1(IBD) PR-AUC
(IBD)
Clinical+Demo-  0.90 0.94 0.85 0.92
graphic only (0.86-0.93) (0.91-0.97) (0.81-0.89)  (0.88-0.95)
Microbiome only  0.94 0.97 0.90 0.95
(0.91-096) (0.95-0.98) (0.87-0.93)  (0.93-0.97)
Combined 0.98 0.99 0.95 0.98
(0.96-0.99) (0.98-0.99) (0.93-0.97) (0.97-0.99)

Values are mean (95% Cl) across repeats/folds. Same CV splits used for all
rows. Paired statistics: Combined vs. Clinical-only (DeLong p<0.01; McNemar
p<0.05); Combined vs. Microbiome-only (DeLong p <0.05)

Conclusion

In summary, this study demonstrates that pediatric IBD
in Chinese children is marked by significant ecological
and compositional disruption of the gut microbiome,
characterized by loss of diversity, fragmentation of micro-
bial networks, and dominance of pro-inflammatory taxa.
The integration of network-based and machine learning
methodologies enabled the identification of robust, treat-
ment-responsive biomarkers with strong diagnostic and
prognostic potential. Our results underscore the value
of a multi-modal, systems-level approach to microbiome
research and lay the groundwork for precision diagnos-
tics and personalized treatment in pediatric IBD. Future
efforts should focus on multi-omics integration, cohort
expansion, and the translation of microbial biomarkers
into practical clinical tools to improve outcomes for chil-
dren affected by this challenging disease.
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