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Fecal Microbial Community Profiling Allows Discrimination 
of Phenotype and Treatment Response in Pediatric 
Crohn’s Disease and Ulcerative Colitis—An International 
Meta-Analysis
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Background and aims: The pathophysiology of pediatric inflammatory bowel disease (PIBD), encompassing Crohn’s disease (CD) and ulcerative 
colitis (UC), is not entirely understood. Dysregulation of the intestinal microbiome is recognized as both a disease-driving and a potential thera-
peutic target. This study aimed to systematically analyze gut microbiome compositions and its applicability as a biomarker for disease progress 
and treatment response.
Methods: Bibliographic and nucleotide databases were searched. Raw 16S-rRNA sequencing reads were subjected to a uniform down-
stream dada2/phyloseq pipeline to extract taxonomy, community structure, and abundance information. Patient metadata were extracted from 
publications, and study authors were contacted for further details if required.
Results: Twenty-six studies comprising 3956 stool samples (CD 41%, UC 36%, 23% healthy) were included in the analyses. Median age of 
individuals was 12 (interquartile range 4). Sex distribution was comparable. Alpha diversity was reduced between the healthy and both UC and 
CD treatment-naïve groups (P < .001) and further reduced with increasing clinical disease activity. Beta diversity revealed altered community 
structure in treatment-naïve children with PIBD (P < .001). This alteration remained in patients in clinical remission (P < .001). Machine learning 
models discriminated between treatment-naïve patients with CD or UC with an area under the receiver operating characteristics curve (AUROC) 
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of 98%. Microbial communities differed between patient responders versus nonresponders to treatment (P < .001). Further, microbial com-
munity profiling distinguished treatment response (eg, steroid, nutrition, or TNFα) with AUROCs of 82%-90%.
Conclusions:  Gut microbial community structure is substantially altered in active and inactive PIBD and may be utilized as a biomarker for 
differentiating PIBD subtype and predicting treatment response.

Lay Summary 
We identified 26 studies on the gut microbiome in pediatric patients with IBD compiling a total of 3956 stool samples (CD 41%, UC 36%, 23% 
healthy) revealing microbial community structures unique to patients with CD and UC. These community patterns allow for the distinction of 
PIBD type and prediction of treatment response.
Key Words: ulcerative colitis, Crohn’s disease, treatment response, 16S metagenomics, microbiome

Introduction
The pathogenesis of inflammatory bowel diseases (IBD) is a 
complex interplay of a dysregulated immune response, host 
genetic predisposition, and specific environmental factors.1 
The gut microbiome as an interface between the environment 
and the immune system plays a key role in this process.2 The 
gastrointestinal microbiota is usually described as a postna-
tally acquired “organ,” comprising a wide variety of bacteria, 
and other microbes, whose composition and activity can have 
both systemic and local effects.3 As this is an acquired organ, 
there are major differences between the adult and infant 
microbiome.4 Infant microbial communities are naturally less 
diverse, often still immature and change in the first years of 
life in parallel with the development of the immune system.5 
Several studies have added to the understanding of altered 
microbial community structure, also known as dysbiosis, 
present in patients with IBD.2,6–8 As these studies have pri-
marily focused on adults, a direct extrapolation to a pedi-
atric cohort would ignore how the gut microbiome undergoes 
dynamic changes in diversity and composition during devel-
opment. A recently published study on IBD across the pe-
diatric age range demonstrated that age and inflammation 
independently impact microbial community structure in IBD 
patients.9 Pediatric studies have also established links between 
microbiome profiles and disease phenotype,7,10,11 IBD disease 
activity,12–14 and disease course.15,16 In addition, the influence 
of diet on the gut microbiome composition, and subsequently 
the risk of IBD development, is increasingly recognized.17 To 
this point, exclusive enteral nutrition (EEN) has been shown 
to induce remission in pediatric Crohn’s disease (CD)18 with 
correlating changes in the microbiome including decreased 
abundance of Lachnospiraceae, Ruminococcaceae, and 
Erysipelotrichaceae, which are known to be involved in the 

perpetuation of intestinal inflammation in CD.19,20 Studies on 
treatment response have shown that infliximab (IFX) response 
paralleled an increase in the diversity of gut microbiome.21,22 
In an analysis of absolute abundances of fecal microbiome in 
relation to response to IFX induction, higher Bifidobacteriales 
abundance was found to be associated with rapid therapy 
response.23

All these data suggest that the microbiome itself could serve 
as a biomarker for disease progression, response to treatment 
and, with deeper insight, a potential therapeutic target.

Here we aimed to systematically expand our current under-
standing of pediatric IBD (PIBD) by exploring and identifying 
changes in individuals, specifically with regard to treat-
ment and disease severity. Further, we try to correlate spe-
cific outcomes with the microbial change we see within our 
dataset. We obtained raw 16S- ribosomal ribonucleic acid 
(rRNA) sequencing reads and clinical data, including fecal 
calprotectin and disease activity scores, to determine links 
between the gut microbiome and disease course. Here we de-
scribe the role of microbiome abundance in differentiating 
between PIBD phenotypes, show differences in microbial 
community structures depending on disease activity, and ex-
amine whether the microbiome still differs in patients in clin-
ical remission compared to healthy controls. In addition, we 
show that treatment responders and treatment nonresponders 
can be further differentiated based on the microbial composi-
tion. Finally, we extend these analyses for different treatment 
regimens for pediatric CD and pediatric ulcerative colitis 
(UC).

Materials and Methods
Ethics Statement
This study was conducted in accordance with the guidelines 
of the Institutional Review Board of the Medical University of 
Innsbruck and the 1975 Declaration of Helsinki.

Search Strategy and Data Extraction and 
Harmonization
This systematic review was conducted in accordance with 
the Meta-analysis Of Observational Studies in Epidemiology 
(MOOSE) reporting guidelines. Relevant studies to be in-
cluded in the meta-analysis were identified by a systematic 
literature search using the following bibliographic databases: 
PubMed, Scopus and Web of Science, National Center for 
Biotechnology Information (NCBI) nucleotide archive, the 
Genome Sequence Archive, and the EMBL European nu-
cleotide archive as data repositories including studies and 
datasets from the years 2010 until January 2024. The search 
terms “pediatric,” “children,” “adolescence,” or “childhood” 

Key Messages

What is already known? The gut microbiome is affected 
by inflammatory bowel disease, and alterations of the gut 
microbiome can fuel intestinal inflammation.
What is new here? This study compiles the largest cohort of 
pediatric patients with inflammatory bowel disease by sys-
tematic review of the literature and collectively analyses the 
composition of the gut microbiome.
How can this study help patient care? This study highlights 
that compositional patterns of the gut microbiome may 
allow distinction of PIBD type and prediction of treatment 
response.
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were combined by the Boolean operator “AND” with “IBD,” 
“PIBD,” “Crohn’s disease,” “Crohn,” “ulcerative colitis” or 
“colitis,” “AND” with “microbiota,” “microbiome,” “16S,” 
or “metagenomic” in all listed databases.

Three investigators (D.A., A.R.P., and G.F.V.) independ-
ently performed screening of the mentioned databases via 
abstract and title search. All papers were categorized and 
original studies were extracted. Studies from January 2010 
until February 2024 were evaluated. Only English studies 
were included. If an article was considered eligible by either 
of the 3 reviewers, the full text was retrieved where avail-
able. After categorization, a second search was performed 
on full-text articles to check for methodical quality and 
fulfillment of inclusion and exclusion criteria (see below). 
Raw sequencing data were retrieved from the respective 
archives or study author upon personal contact. Missing 
metadata or raw sequencing led to study exclusion. In case 
of any disagreement, the issue was solved by discussion. 
Patient metadata (eg, age, sex, disease activity, treatment, 
and fecal calprotectin) were extracted. Anti-tumor necrosis 
factor alpha (TNF) comprises IFX or adalimumab therapy. 
Immunomodulators comprise thiopurine or methotrexate 
therapies. Treatment response was defined by included studies 
as either a combination of significant improvement in clinical 
disease activity using international disease activity scores, 
C-reactive protein, or lastly mucosal healing or normaliza-
tion of fecal calprotectin levels (threshold 100 μg/g stool). 
Clinical disease activity scores (eg, pediatric Crohn’s dis-
ease activity index [PCDAI],24 weighted PCDAI [wPCDAI],25 
pediatric ulcerative colitis activity index (PUCAI)26) were 
unified by the categorical interval and given as “inactive,” 
“mild,” “moderate,” or “severe.” These ratings were further 
defined by PCDAI scores: <10 points inactive, 11-29 points 
mild, 30-39 points moderate, and over 40 severe disease; or 
for the wPCDAI: <12.5 points inactive, 12.5-40 points mild, 
42.5-57.5 points moderate, and over 57.5 points severe dis-
ease; or finally for the PUCAI: <10 points inactive, 10-34 
points mild, 35-64 points moderate and over 64 points se-
vere disease. Further differentiation of disease subtypes was 
collected by contacting individual researchers. We used a 
designation identified by The Paris Classification System of 
Inflammatory Bowel Disease to separate disease localization. 
Patients with multiple treatments were excluded in the spe-
cific sub-analyses (TNF, EEN, and steroid +/−azathioprine). 
A period of 3-6 months after treatment initiation was chosen 
to assess the response to therapy.

Studies that sampled patients longitudinally based on 
changes in either clinical disease activity or treatment re-
sponse, or changes in both were included as multiple inde-
pendent samples as microbial communities seem to change 
significantly with these features.15

Inclusion and Exclusion Criteria
Studies on the gut microbiome in children (age range 6-18 
years) with PIBD providing 16S-rRNA sequencing data were 
assessed. Pediatric inflammatory bowel disease diagnosis 
had to be based on clinical, biochemical, endoscopic, and 
histopathologic findings according to revised Porto criteria. 
The cohort of healthy individuals was compiled from PIBD 
studies included. Studies with insufficient raw data annotation, 
insufficient association of individual microbial sequencing 
data with corresponding individual patient characteristics, or 

without 16S-rRNA sequencing data available (shotgun or ITS 
sequencing) were excluded.

Study Quality and Bias Assessment
Assessment of quality for the included studies was performed 
with the Joanna Briggs Institute critical appraisal tools for 
cohort studies, case series, and case reports. Studies were 
considered with low, moderate, or serious risk of bias if they 
fulfilled more than 80%, between 60 and 80%, or less than 
60% of the requested items.

Bioinformatics and Statistical Analyses
Raw sequences were trimmed for barcodes and primers as 
provided by the source study or by contacting the study 
authors using Cutadapt. DADA2 and R (R: A language and 
environment for statistical computing. R Foundation for 
Statistical Computing) were used for sequence quality con-
trol with filtering of low-quality sequences and chimeras, 
sequence trimming (according to sequence quality 15-30 
nucleotides at both ends), and the construction of amplicon 
sequence variants (ASVs). Subsequent analyses were carried 
out on genus level. Taxonomy was assigned to ASV using a 
naïve Bayesian classifier against Silva operational taxonomic 
units (version 138.1) and integrated into a phyloseq object 
using the R package phyloseq for downstream analyses. 
Revised phylum nomenclature from 2021 was used.27 Study 
and sequencing-based variation were controlled for using 
MMUPHin (Meta-Analysis Methods with a Uniform Pipeline 
for Heterogeneity in microbiome studies). This adjustment 
shifts the overall effect seen by specific studies. Alpha diversity 
was calculated based on richness (“observed”) and Shannon 
diversity measures, and Mann-Whitney U-tests were applied 
for statistical significance. Beta diversity was visualized as 
principal coordinates analysis on the Bray-Curtis distance 
that is calculated after performing variance stabilizing trans-
formation. Beta diversity was tested using a non-parametric 
multivariate statistical permutation (permutational multivar-
iate analysis of variance [PERMANOVA]) test with the R 
package vegan for differential taxa abundance.

Differential abundance was tested using zero-inflated nega-
tive binominal weighting and DESeq2.28

Random forest (RF) and extreme gradient boosting (XGB), 
both with 10-fold cross-validation and 5 repeats, were used 
to build prediction models for bacterial composition using 
the R package caret. Random forest hyperparameter tuning 
was carried out to define the ideal number of tries and trees. 
Extreme Gradient Boosting hyperparameter tuning was 
carried out to define the ideal number of rounds, learning rate, 
maximum depth of a tree, gamma, minimum child weight, 
subsamples, and column samples by tree. Receiver oper-
ating characteristics curves were plotted using the R package 
MLeval. Finally, we evaluated features based on the most 
impactful in identifying the differences between the groups. 
These discriminating factors were compared by both models 
and by DEseq2 results.

All statistical analyses were performed using R statistical 
software. Bonferroni correction was applied to compensate 
for multiple testing. Spearman correlation was used for cor-
relation analyses. A P-value ≤ .05 was considered significant. 
Bar, box, and dot plots were generated via the R ggplot2 
package. For dendrogram generation, ggtree and ggtreeExtra 
were used, and the world map was generated using gglot2 and 
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maps. Schematics and figures were compiled using Illustrator 
CC 2020 (Adobe).

Results
Study Cohort
The multinational study cohort comprised of 1683 individuals 
identified through a systematic literature and database search 
from 26 studies7,10,15,23,29–50 (Figure 1A and Figure S1). In total, 
the pediatric cohort comprised 688 individuals with CD, 581 
with UC, and 414 healthy individuals as controls (Figure 1B, 
Table 1, Table S1). The MMUPHin adjustment harmonized 
the entire data set from an r2 of 83.6% to an r2 of 86.1% 
meaning that variance explained 16.4% of the variance pre-
transformation to 13.9% of the post-transformation (Figure 
1C). This overall effect is more clearly illustrated in subsets 
of the population (Figure S2A-C). As some studies included 
longitudinal sampling or both stool and biopsy samples, the 
total number of samples (CD 1764, UC 1900, controls 532) 
was greater than the number of patients (Figure 1B). Due to 
sample size and variance differences between biopsy and fecal 
samples (Figure S3A and B), all analyses were done using only 
fecal samples. Longitudinal data (eg, stool samples of 244 CD 
and 357 UC patients7,15,35–37,40,44,45,50) were included at the spe-
cific time points based on disease severity at the moment of col-
lection. The median age of patients with CD, UC, and healthy 
patients were 12 (interquartile range [IQR] 3.2), 13 (IQR 5), 
12 (IQR 3), respectively (Table 1). Seven hundred twenty-six 
(41%) of the total 1764 CD samples were of treatment-naïve 
patients and another 371 (21%) of CD samples were of patients 
in clinical remission. Five hundred seventy-four (30%) of the 
1900 UC samples were treatment-naïve and 546 (29%) of these 
samples were in clinical remission. Detailed clinical disease ac-
tivity scores and active treatments are listed in Table 1.

Composition of the Gut Microbiome
We first compared mucosal samples with stool samples in 
treatment-naïve patients with CD and UC and found different 
clustering of microbiome depending on the sampling method and 
biopsy site (Figure S3A and B). Hence, for all further analyses, 
we focused on fecal samples, as fecal samples also represented 
the larger proportion of included samples (Figure 1B).

Observed richness was significantly reduced for both 
treatment-naïve UC and CD groups, compared to controls 
(P < .001). In addition, there was a significant difference be-
tween the treatment-naïve PIBD groups (P < .001). Reduced 
alpha diversity among treatment-naïve microbiome compared 
to healthy controls was consistent in the Shannon diversity 
analysis (P < .001) (Figure 1D). Finally, we found no differ-
ence in Shannon diversity between the 2 naïve disease groups 
(Figure 1D). In patients with PIBD, we observed decreasing 
richness and evenness with increasing clinical disease severity 
as seen by the comparison of severe to inactive patients (Figure 
1E). It is of note that this difference was also consistent when 
comparing inactive to severe disease severity in patients with 
CD and UC separately (Figure S3C and D).

Further, beta diversity was statistically different, as cal-
culated by Bray-Curtis distance, for all treatment-naïve 
groups (eg, healthy, CD, and UC) (PERMANOVA P < .001) 
(Figure 1F) and although it approximated in remission, it still 
remained different in patients with PIBD in clinical remission 
(PERMANOVA P < .001) (Figure 1G). It should be noted that 

the effect size of the groups to be studied is clearly different 
in Figure 1F vs. 1G.

We then characterized the member taxa of CD and UC 
patient microbiome pre and post treatment. We found 
Bacteroides genus associated with both treatment-naïve and 
non-naïve CD and patients with UC (Figure 2A). We then 
further separated these data by disease severity. Due to the 
gradual nature of the severity grades, we focused on trends 
that changed as the disease state worsened.

We observed an increase in the Pseudomonadota phylum 
(P < .001, P < .001) and a decrease in the Bacteroidota phylum 
(P < .001, P < .001) (Figure 2B, Figure S4A). When evaluated 
based on genera, Escherichia-Shigella and Haemophilus 
both showed a higher relative abundance in severe disease 
compared to healthy states (Figure 2C, Figure S5A). In con-
trast, Agathobacter and Blautia showed the reverse trend 
(Figure 2C, Figure S5A).

Due to the well-established connection between gut inflam-
mation and disease progression within patients with PIBD, 
we evaluated the association of bacteria relative abundance 
with the gut-specific inflammatory peptide fecal calprotectin. 
The relative genus abundance of the commensal bacteria 
Bifidobacterium (R = −0.2, P = 6.3e-06) and the genus 
Subdoligranulum (R = −0.22, P = 4.9e-05) both correlated 
negatively with fecal calprotectin (Figure 2D and E). In con-
trast, the relative abundance of the 2 pathogenic genera, 
Escherichia-Shigella (R = 0.25, P = 3.1e-07) and Haemophilus 
(R = 0.12, P = 0.016), showed a positive correlation with the 
inflammatory marker (Figure 2F and G).

Predictive Analysis of Microbial Communities
In order to further evaluate the applicability of the fecal 
microbiome composition to aid differentiating disease entities, 
we first tested our ability to differentiate treatment-naïve 
populations with CD from UC based on similar localiza-
tion as designated by the Paris Classification: L2 (colonic) for 
patients with CD, and E3/E4 (extensive disease—distal to he-
patic flexure) and (pan-colitis—proximal to hepatic flexure) 
for patients with UC. We found that the 2 groups were signifi-
cantly different when evaluating based on Bray-Curtis distance 
(PERMANOVA P < .001) (Figure 3A). In order to then under-
stand if this distance-based difference was enough for differen-
tiation, we compared these 2 disease subtypes using a machine 
learning approach. Here, we used 2 separate methodologies 
to evaluate our sample space and to generate a distribution 
of predictive area under the curve. This approach allowed us 
to control for overfitting by any one method. In addition, we 
used differential abundance testing to further contextualize the 
biomarkers identified by these machine learning approaches. 
We found that these 2 subgroups are confidently able to dif-
ferentiate with an area under receiver operating characteristics 
curve (AUROC) of 98% (confidence interval [CI], 0.94-0.99, 
XGB and RF) (Figure 3B, Tables S2 and S3). We found that 
5 of the top 10 differentiating factors were the same between 
our 2 methodologies. We also saw that our top differentiating 
factor Haemophilus is also designated to have a large differ-
ential abundance difference between the 2 groups (Figure 3C).

Gut Microbiome Composition in Treatment 
Response
After establishing the dynamics of microbial populations be-
tween the different diseases and between different severities 
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Figure 1. Study design, cohort composition, and diversity metric: (A) World map indicating countries of origin of patient cohort. (B) Schematic 
overview of the study cohort. (C) Study level comparison of all data pre (left) and post (right) MMUPHin transformation by using a principal coordinate 
analysis. (D, E) Alpha diversity, expressed as both observed richness and Shannon diversity, of study corrected fecal gut microbiome data in 
treatment-naïve patients with PIBD compared to healthy individuals; n.s. not significant, *P < .05, **P < .01, ***P < .001. (F, G) Beta diversity shown as 
multidimensional scaling (MDS) using a principal coordinate analysis with Bray-Curtis distance measures. (F) Treatment-naïve patients with UC or CD 
compared to healthy individuals. (G) PIBD patients in clinical remission with healthy individuals; ***P < .001.CD, Crohn’s disease; MMUPHin, Meta-
Analysis Methods with a Uniform Pipeline for Heterogeneity in microbiome studies; PIBD, pediatric inflammatory bowel disease; UC, ulcerative colitis.
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of disease, we evaluated compositional differences in patients 
with known response to either pharmacologic or nutritional 
treatment. Microbial communities appeared to not be dif-
ferent between patients who were responsive to treatment as 
compared to those who were not responsive. No differences 
were found in alpha diversity metrics in both UC and CD 
groups based on responsiveness to treatment (Figure 4A 
and B). Given the lack of observed differences, we evaluated 
both groups by Bray-Curtis distance to test if beta diversity 
followed the same trend. In both patient groups with UC 
or CD, we found a statistical difference between responsive 
and unresponsive individuals (P < .001) (Figure 4C and D). 
To further clarify these differences, we compared the dif-
ferential abundance of the bacteriome of responders to 
nonresponders. Interestingly, we find all top 10 genera that 
are differentially abundant in both CD and UC responders 
versus nonresponders share little similarities between patients 
with CD and UC (Figure 4E and F).

In order to describe the classification power of these 
data, we again trained 2 machine learning models to test 
the differentiating power between responsive and unre-
sponsive individuals to all forms of treatment. The models 
discriminated responsive versus unresponsive CD patients 
with an AUROC of 89% and 88% in XGB and RF, respec-
tively (XGB CI, 0.86-0.92; RF CI, 0.85-0.91) (Figure 4G, 
Figure S6A). Bacteroides genus (rank 1 in both models), as 
well as Holdemanella genus (rank 2 and 3 in both respec-
tive models) were important differentiating factors in both 
models. Moreover, both markers had very strong differen-
tial abundance as well (log2 fold change > 2). It was also of 
note that Escherichia-Shigella genus appeared in the top 6 on 
both models with a fold change difference of 1.4 (Figure 4H, 
Tables S4 and S5).

Discerning treatment response in patients with UC yielded 
an AUROC with XGB of 81% (CI, 0.74-0.88) and with RF 
of 73% (CI, 0.64-0.82) (Figure S6B and C, Tables S6 and 
S7). These data also showed a higher variation in predicted 
outcomes, likely due to the smaller sample size (Table 1). The 

top genus was Bacteroides in both models with Veillonella 
also being in the top 3 (Figure S6D). This was further 
emphasized by the −3.6 log2 fold change differential abun-
dance of Bacteroides. It is also of note that the highest differ-
ential abundance change was Lactobacillus which is changed 
by 4.8 in our compared groups. Lactobacillus ranks as highly 
predictive (rank 2) in the XGB methodology, whereas the top 
10 in RF.

We further separated our data on patients with CD by treat-
ment type to see if the predictive power of our models is able 
to discriminate responsive from non-responsive based on spe-
cific forms of treatment. We first looked at the discernibility 
of steroidal treatment responders versus nonresponders 
(Figure S7A and B). The XGB model yielded an AUROC of 
82% (CI, 0.74-0.90) and RF an AUROC of 85% (CI, 0.78-
0.92) (Figure 5A and Figure S6E, Tables S8 and S9). We saw 
the most impactful genera, Bacteroides, Bifidobacterium, and 
Fusicatenibacter, being in the top 4 in both models (Figure 
5B). In addition, the aforementioned bacteria were differen-
tially abundant in these 2 groups with all of them having a 
fold change difference over 1. Differential abundance analysis 
also pointed to the sixth rank bacteria Erysipelotrichaceae 
UCG-003, as highly differentially abundant between our 
groups with a log2 fold change difference over 4 (Figure S6F).

Consecutively, we wanted to see if these analyses were ap-
plicable to patients with UC (Figure S8A and B). Due to the 
smaller sample size, the trends were less striking with only one 
differential model giving an AUROC of 70% (CI, 0.54-0.86) 
XGB, and RF giving an AUROC of 67% (CI, 0.50-0.84) for 
response to steroid treatment (Figure S9A and B). The differ-
ential abundance showed more differentiation as we saw sev-
eral bacterial genera with a log2 fold change over 5 (Figures 
S6G and S9C).

Response to EEN in patients with CD (Figure S7C and D) 
was effectively discriminated by both XBG and RF with an 
AUROC of 85% (CI, 0.80-0.90) and 83% (CI, 0.78-0.88), 
respectively (Figure 5C and Figure S9D). Although the dis-
criminating ability of both models is comparable, the relative 

Table 1. Composition of study cohort of all included studies compiled into patients with Crohn’s disease (CD), ulcerative colitis (UC), and healthy 
individuals. 

Patients CD (n = 688) UC (n = 581) Healthy (n = 414)

Median age (IQR) 12 years (3.2) 13 years (5) 12 years (3)

Female (%) 166 (24), NA = 259 260 (45), NA = 49 91 (22), NA = 206

Samples CD (n = 1764) UC (n = 1900) Healthy (n = 532)

Treatment-naive (%) 726 (41) 574 (30), NA = 22

Remission (%) 371 (21) 546 (29), NA = 115

Inactive (%) 321 (18) 531 (28)

Mild (%) 400 (23) 424 (22)

Moderate (%) 141 (8) 307 (16)

Severe (%) 189 (11) 190 (10)

EEN (%) 336 (19), NA = 87

TNF (%) 257 (15), NA = 67 107 (5.6), NA = 1264

Steroids (%) 66 (4), NA = 429 127 (6.7), NA = 1264

Immunomodulators (%) 708 (40), NA = 94 69 (3.4), NA = 1267

Antibiotics (%) 286 (16), NA = 87 33 (1.7), NA = 1264

Patients’ characteristics (eg, disease activity and current treatment) at the timepoint of fecal sampling (samples) are further listed.
Abbreviations: CD, Crohn’s disease; EEN, exclusive enteral nutrition; IQR, interquartile range; NA, not available; TNF, tumor necrosis factor alpha; UC, 
ulcerative colitis.
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Figure 2. Relative abundance, disease association with differential abundance of taxa: (A) Dendrogram depicting top 10 most abundant species 
(inner circle/box plots) and associated conditions on the 3 outer circles. (B) Relative abundance of 10 most abundant phyla in healthy individuals and 
patients with PIBD over different clinical disease activities. (C) Relative abundance of 14 most abundant genera in healthy individuals and patients with 
PIBD over different clinical disease activities. (D-G) Relative abundance of Bifidobacterium, Subdoligranulum, Escherichia-Shigella, Haemophilus genera 
regression to calprotectin levels. PIBD, pediatric inflammatory bowel disease.
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importance of impactful features was different between both 
models. The relative rankings show 1 of the top 5 most im-
pactful genera (Bacteroides), and 3 of the top 10 most im-
pactful genera match (Dorea, Family XII AD3011 group) 
(Figure 5D, Tables S10 and S11). We also see that the dif-
ferential abundance seemed to be more similar to the most 
discriminatory bacterium identified using the XGB method-
ology, as 6 of the top 10 factors had log2 fold change over 1 
(Figure 5D, Figure S9E).

We further showed an ability to discriminate response to 
anti-TNF treatment (Figures S7E and F and 8C and D). Here, 
our 2 models showed an AUROC of 87% for XBG (CI, 0.82-
0.92) and 90% for RF (CI, 0.86-0.94) respectively (Figure 
5E and Figure S9F). Of note, the rankings were similar be-
tween the 2 models’ top 5 rank features with the one different 

being ranked 6 in the other model (Figure 5F, Tables S12 and 
S13). Moreover, we saw that the differential abundance of 3 
of these top 5 organisms is over a log2 fold change of 1. This 
suggests that the discriminating power is both strong and 
consistent between evaluating factors (Figure 5F, Figure S9G).

Discussion
The incidence of IBD in Westernized countries has steadily 
increased over the last decades in both children and adults. 
Changes in gut microbial community profiles are associated 
with intestinal inflammation and are increasingly recognized 
as predisposing, or disease-driving features, rather than a con-
sequence of the inflamed intestinal milieu.12,15–17,51 We have 
collected and systematically analyzed a large multinational 

Figure 3. Discrimination of CD and UC treatment response: (A) Beta diversity shown as multidimensional scaling (MDS) using a principal coordinate 
analysis with Bray-Curtis distance measures comparing treatment-naïve patients with CD (Paris L2) or UC (Paris E3/E4). (B) Area under the receiver 
operating characteristics curve of XGB and RF models discriminating steroid response treatment-naïve patients with CD (Paris L2) UC (Paris E3/E4) 
patients. (C) Dotted box-plot of relative genus abundance of top 10 discriminative genus features identified by supervised machine learning with feature 
ranking and log2 fold change from differential abundance analysis comparing CD (Paris L2) (yellow) with UC (Paris E3/E4) (red). CD, Crohn’s disease; RF, 
random forest; UC, ulcerative colitis; XGB, extreme gradient boosting.
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Figure 4. Community diversity and discrimination of treatment response: (A) Alpha diversity of gut microbiome in patients with CD with or without 
response to treatment (observed); ***P < .001, n.s. not significant. (B) Alpha diversity of gut microbiome in patients with UC with or without response 
to treatment; *P < .05, n.s. not significant. (C-D) CD and UC respective beta diversity shown as multidimensional scaling (MDS) using a principal 
coordinate analysis with Bray-Curtis distance measures; ***P < .001. (E) Horizontal bar plot showing the top 10 differential abundant genera comparing 
patients with CD without (brown yellow) and with (yellow) treatment response. (F) Horizontal bar plot showing the top 10 differential abundant genera 
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pediatric cohort to study the gut microbiome to evaluate the 
change in these populations. As 16S sequencing is currently 
still the most widely used technique, we have limited the in-
clusion criteria to 16S raw data, processed all data via a uni-
form, state-of-the-art DADA2-based pipeline, and have used a 
recent database for taxonomic identification. To compensate 
for the variance in 16S sequencing loci of the included studies, 
we have adjusted for study batch effects using MMUPHin, 
a tool specifically designed to correct for this purpose and 
validated on IBD cohorts. Together this allowed us to delin-
eate differences in microbial composition in association with 
PIBD type and disease activity. We were able to further ex-
plore the microbial composition as biomarkers to predict 
treatment response by using machine learning models. Studies 
on gut microbiome have been investigating both fecal and 
mucosal, biopsy-derived, samples. Expectedly, this introduces 
a certain variation in microbial composition which we have 
also confirmed with our dataset. As fecal sampling is a nonin-
vasive method, integrated in clinical routine visits and easily 
available, we have focused our analyses on fecal-derived 
sequencing.

When characterizing the composition of the gut 
microbiome, we have confirmed significant differences in 
both abundance and community composition in treatment-
naïve patients with PIBD compared to healthy individuals. 
Interestingly, community structure still diverged in PIBD 
patients in clinical remission. This is also reflected by the fact 
that genus composition was strikingly different in patients 
with clinically inactive disease scoring compared to healthy 
individuals. This underscores the current efforts to aim for 
luminal or even histologic remission rather than just clinical 
remission.52 In addition to clinical disease activity scoring, 
we have correlated taxonomic abundance with the luminal 
inflammation marker fecal calprotectin. With increasing in-
testinal inflammation, we have observed a decrease in the 
commensal genus Bifidobacterium, bacteria relevant for host 
immune system interaction.53 In contrast, abundances of the 
pathogenic genera Escherichia-Shigella and Haemophilus 
were positively correlated with increasing fecal calprotectin.

The large study cohort collected in this meta-analysis 
allowed for the application of machine learning models. To 
increase the robustness of the predictions, we have employed 
2 different supervised machine learning approaches, RF and 
XGB. Both algorithms yielded comparable confidence in the 
tasks applied. Moreover, the pattern of the most important 
taxonomic features was similar for both models. In both pe-
diatric patients with CD or UC, community structure differed 
as based on treatment-response status. We were able to pre-
dict treatment response to anti-TNF therapy in patients with 
CD with an accuracy of up to 90%. These results suggest that 
microbial community profiling can be used to distinguish 
between treatment -responders and nonresponders. This ap-
proach should be pursued in further prospective studies, as it 
can add significant contribution to the goal of individualized 
therapy in the age of more and more targeted therapy options. 
The predictions for patients with CD were more robust than 

for patients with UC, which is due to fewer UC samples 
for downstream analyses. In most models for treatment re-
sponse, Bacteroides genus abundance was among the most 
important model features. Bacteroides were also found to 
have increasing abundance with increasing clinical disease ac-
tivity. Yet, this is not comparable with healthy individuals, in 
whom the highest abundance of the genus Bacteroides was 
found. Previous studies have reported that higher abundances 
of beneficial taxa (eg, Bifidobacterium and Faecalibacterium) 
and lower abundances of pro-inflammatory taxa are associ-
ated with a response to anti-TNF treatment or EEN in both 
children and adults.23,33,54,55 These findings were corroborated 
by our analyses. Interestingly, the pattern of genus abun-
dance seemed more important than simple differences in 
abundance, as seen by paralleled differential abundance 
analyses. However, the limitation of 16S sequencing data did 
not allow for proper species-level analysis which might be 
particularly interesting to understand when thinking about 
a therapeutic probiotic approach supporting conventional 
treatment regimens. Moreover, taxonomic patterns pre-
cisely distinguished treatment-naïve patients with CD from 
treatment-naïve patients with UC. In addition to endoscopic 
and histologic grading, microbial pattern identification could 
prove useful when a PIBD entity is difficult to classify (IBD-
unclassified).23 It is foreseeable that we may be able to utilize 
fecal gut microbial composition as a biomarker for disease 
identification or prediction of treatment response. These 
findings still need to be validated in large prospective trials.

A major strength of this study is the large multinational 
sample size covering the most common forms of PIBD, CD, 
and UC, and allowing analyses across the spectrum of clinical 
disease activity and treatment. However, our study also has 
limitations. First, it is retrospective, as our goal was mainly 
to see the extent to which differences were observed when we 
expanded our dataset, we are unable to verify the application 
of this information going forward. Second, there is variability 
introduced by the different 16S sequencing techniques em-
ployed across the included studies. As we show, we were able 
to make a correction via a transformation of our dataset, but 
even after there was still a substantial effect due to study-
specific variation. In addition to the variation that might 
appear due to collection methods, there was potential for 
variation with regard to subpopulations that were sampled. 
Our analysis was not intended to identify differences that 
arose from the continental divide. Third, there are subtypes in 
both CD and UC which were not fully taken into account in 
this study due to either missing differentiation or insufficient 
sample numbers. This is most illustrative in evaluating our 
cohort with UC as for some samples complimentary meta-
data was not available. Fourth, while longitudinal sampling 
allows to monitor changes in the microbiome upon certain 
treatments, it may also introduce a founder effect that we 
could not fully quantify. Finally, 16S provides less precise 
taxonomic and functional assessment compared to shotgun 
metagenomics sequencing, but is significantly more afford-
able and hence still widely used. We therefore focused on 16S 

comparing UC patients without (dark red) and with (red) treatment response. (G) XGB area under the receiver operating characteristics curve of a 
supervised machine learning model discriminating treatment response in pooled patients with CD. (H) Dotted box-plot of log10-transformed genus 
abundance of top 10 discriminative genus features identified by both supervised machine learning with feature ranking and log2 fold change from 
differential abundance analysis comparing patients with CD without (brown yellow) and with (yellow) treatment response. CD, Crohn’s disease; UC, 
ulcerative colitis; XGB, extreme gradient boosting.
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Figure 5. Community diversity and discrimination of treatment response: (A) Area under the receiver operating characteristics curve (AUROC) of 
XGB model discriminating steroid response in patients with CD. (B) Dotted box-plot of log10-transformed genus abundance of top 10 discriminative 
genus features identified by supervised machine learning with ranked feature importance of the XGB and RF model, and log2 fold change from 
differential abundance analysis comparing patients with CD without (gray) and with (black) steroid response. (C) AUROC of XGB model discriminating 
EEN response in patients with CD. (D) Dotted box-plot of log10-transformed genus abundance of top 10 discriminative genus features identified by 
supervised machine learning with ranked feature importance of the XGB and RF model, and log2 fold change from differential abundance analysis 
comparing patients with CD without (gray) and with (black) EEN response. (E) AUROC of RF model discriminating TNF response in patients with CD. (F) 
Dotted box-plot of log10-transformed genus abundance of top 10 discriminative genus features identified by supervised machine learning with ranked 
feature importance of the XGB and RF model, and log2 fold change from differential abundance analysis comparing patients with CD without (gray) and 
with (black) TNF response. CD, Crohn’s disease; EEN, exclusive enteral nutrition; RF, random forest; TNF, tumor necrosis factor; XGB, extreme gradient 
boosting.
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raw data. Though this limited our conclusions, given our goal 
of future application, we felt these data would be more useful 
for potential clinical application. Despite these limitations, 
our study contributes to the understanding of the dynamics 
of gut microbiome in patients with PIBD and offers a novel 
description of its applicability as a biomarker with potential 
application to identify treatment response.
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