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Abstract

Background and Aims: Microbiome studies reveal distinct microbial differences in inflammatory bowel disease (IBD), indicating its potential role
in pathophysiology and as a noninvasive diagnostic biomarker. This study aims to profile the gut microbiome in children with IBD, compared to
both healthy controls (HC) and controls with gastrointestinal symptoms (CGl), and to assess the potential of microbiome profiles as noninvasive
diagnostic markers for de novo treatment-naive pediatric IBD, and as early predictive markers for therapy response.

Methods: \We analyzed baseline fecal samples and clinical data from 103 therapy-naive children with IBD, 75 CGIl, and 356 age and sex matched
HC. Metagenomic sequencing was performed, and prediction models assessed diagnostic potential and prediction of induction therapy response
at 3 months.

Results: Alpha diversity progressively decreased from HC to CGI (P<.001) and decreased even further in IBD patients (P=.0056). Beta diversity
analysis showed significant clustering differences (P<.001, R? = 0.045). Differential abundance analysis revealed 116 species differing between
HC and IBD, and 30 species between CGl and IBD. Prediction models based on microbiome features accurately distinguished IBD from HC (area
under the curve [AUC] =0.96) and from CGI (AUC=0.71). However, these models were outperformed by clinical features, such as fecal calprotectin.
Microbiome-based prediction of response to induction therapy in general showed limited accuracy (AUC =0.63), as well as for response to
nutritional induction therapy (AUC =0.67).

Conclusions: \We observed profound gut microbiome differences between de novo, therapy-naive pediatric IBD patients and controls. While
microbiome profiles hold promise for improving diagnostic precision, their predictive value for therapy response seems limited.
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Lay Summary

This study used shotgun metagenomic sequencing to profile the gut microbiome in therapy-naive children with IBD, symptomatic controls, and
healthy children. While the microbiome showed strong diagnostic potential, its value for predicting treatment response was limited. Microbial

signatures may support noninvasive diagnosis, potentially reducing the need for endoscopies in children.
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Key messages

What is already known?

Gut microbiome alterations have been linked to pediatric inflam-
matory bowel disease (IBD), and microbial profiles differ between
patients and healthy individuals. However, the diagnostic and
predictive utility of these profiles remains uncertain.

What is new here?

This study demonstrates that gut microbiome profiling can accu-
rately distinguish children with from both healthy controls (HC)
and controls with gastrointestinal symptoms (CGl), with diagnos-
tic models achieving AUCs of 0.96 and 0.71, respectively. Notably,
the distinction between therapy-naive IBD and CGl—often a diag-
nostic challenge in clinical practice—has been rarely explored and
is a key strength of this work.

How can this study help patient care?

Microbiome-based diagnostics may aid in the noninvasive
detection of pediatric IBD, potentially reducing the need for
endoscopy—particularly in cases where symptoms and clinical
features are inconclusive. While not yet predictive of treatment
response, microbiome profiling offers promising avenues for ear
lier diagnosis and personalized care strategies.

Introduction

Inflammatory bowel disease (IBD), including Crohn’s disease
(CD), ulcerative colitis (UC), and IBD-unspecified (IBD-U), is
a chronic condition characterized by recurring intestinal inflam-
mation. In recent decades, there has been an upward trend in
the incidence of IBD, accompanied by a decrease in the age at
which patients present, with approximately 25% of cases cur-
rently initiating before the age of 20.'

Typical clinical symptoms of IBD include abdominal pain,
diarrhea, and rectal blood loss, but children also may present
with atypical symptoms, such as fatigue, weight loss, growth
failure, delayed puberty, or extraintestinal manifestations.*
Moreover, the currently available biomarker fecal calprotectin
(FCP) is highly sensitive for detecting inflammation but is lim-
ited by a specificity of 68%.° Hence, IBD diagnosis is often
delayed especially in the pediatric population, while children
are at a greater risk of complications and more severe disease
course.”” Endoscopy remains the gold standard for diagnosing
IBD.® This is a relatively costly and invasive procedure, and
children often require hospital admission for bowel cleansing
via a nasogastric tube and undergo the procedure under general
anesthesia. Novel noninvasive biomarkers are therefore needed
for early detection of disease, timely treatment initiation, min-
imizing risk of complications, and preventing unnecessary
endoscopies.

IBD is viewed as a multifactorial disease, resulting from com-
plex pathogenetic mechanisms to which the intestinal micro-
biome, host genetics, immune responses, and environmental
factors all contribute.’ In recent years, the role of the gut micro-
biome in adult IBD has been intensively studied. It is charac-
terized by dysbiosis with a decrease in alpha diversity, an
increase in facultative anaerobes such as Escherichia coli, and
a decrease in obligate anaerobes such as Fecalibacterium praus-
nitzii, and Roseburia and Alistipes species.'® Evidence suggests
that pediatric IBD has a stronger genetic component than
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adult-onset IBD and may, therefore, represent a distinct disease
entity with unique microbial changes.!' The exact underlying
pathogenesis and whether altered intestinal microbial compo-
sition is either a cause or a consequence of inflammation in IBD
remains largely unknown, but it does provide opportunities for
the development of novel diagnostic biomarkers and therapeu-
tic interventions.'?

Nutritional therapy plays a significant role in the manage-
ment of pediatric CD and is hypothesized to act through mod-
ulation of the gut microbiome.'>»'* Maintaining adherence to
these strict dietary rules is challenging, with an approximately
25%-35% rate of noncompliance, necessitating escalation to
pharmacological treatment such as thiopurines or even anti-
tumor necrosis factor (TNF) therapy.!>'® Due to the large
heterogeneity in IBD, both in disease localization and severity,
and its complex pathogenesis, it is currently challenging to
predict at baseline which patients will benefit from nutritional
therapy and from a conventional step-up treatment approach,
and which patients would benefit from a more aggressive form
of induction treatment to improve clinical outcome and
reduce the risk of complications.!” Microbiome profiling at
diagnosis may offer a solution by enabling personalized induc-
tion treatment regimens, predicting individual responses,
minimizing unnecessary drug exposure, and optimizing clin-
ical outcomes.'®"”

The aim of this study was to profile the gut microbiome of
de novo, therapy-naive pediatric IBD patients, controls with
gastrointestinal symptoms (CGls), and healthy controls (HCs)
using metagenomic sequencing and to evaluate the potential
of the gut microbiome as a noninvasive diagnostic tool for
pediatric IBD detection. A secondary aim was to determine
whether baseline microbial profiles can serve as predictive
markers for response to induction therapy in general, and
response to nutrition-based induction treatment in particular.

Materials and Methods

Study population

In our study, we combined 2 different cohorts from The Neth-
erlands, of which extensive demographic and clinical data were
available, as well as fecal samples. The Rapid cohort is a pro-
spective hospital-based cohort of therapy-naive children with
gastrointestinal symptoms, some of whom were diagnosed with
IBD or another gastrointestinal disease. The LifeLines cohort
is a large population-based cohort from the Dutch Microbiome
Project, from which we selected healthy children without any
known disease and medication use. We matched participants
from the LifeLines cohort to patients in the Rapid cohort based
on age and sex. This matching was performed at a ratio of 2:1
using the Matchlt package (v4.5.5, https://cran.r-project.org/
web/packages/Matchlt/index.html) with the “nearest” method.
Further details on both cohorts are described below.

Rapid cohort

Between December 2017 and June 2023, patients were included
in the Rapid cohort if they were aged between 4 and 18 years,
referred to the outpatient clinics of the Department of Pediatric
Gastroenterology of the Amsterdam University Medical Centre
(both locations AMC and VUmc), had suspected IBD or dis-
orders of gut-brain interaction (DGBI) such as functional
abdominal pain-not otherwise specified (FAP-NOS) or irritable
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bowel syndrome (IBS). Patients who had used immunosuppres-
sants prior to inclusion, taken antibiotics or probiotics in the
3 months before baseline, or had an immunocompromising
disease were excluded from the cohort.

Patients referred under suspicion of IBD underwent the diag-
nostic work-up according to current guidelines, including clin-
ical assessment, laboratory tests, radiology, and endoscopy
with histology, if indicated.® When IBD diagnosis was con-
firmed, patients were placed in the IBD group, and when IBD
was ruled out, patients were allocated to the CGI group.
Patients referred under suspicion of a DGBI followed the indi-
cated diagnostic route according to the Rome IV criteria,*
including a fecal calprotectin (FCP) test to rule out inflamma-
tion, and were directly allocated to the CGI group.

All patients were required to collect a stool sample in a pro-
spective study design, before bowel cleansing if applicable, in
a provided sterile container. They were instructed to store the
sample in their home freezers within 1 hour after collection
and bring it cooled to their next hospital visit. The storage
duration in home freezers did not exceed a couple of weeks.
Subsequently, the sample was stored at —80°C in the hospital
until further handling. This standardized method of stool col-
lection aligns with previously published work on the fecal
microbiome, where we have not observed inconsistencies in
sample integrity or analysis.?!*?

Demographic and clinical data were collected at baseline
from the electronic patient records and included sex, age,
height, weight, body mass index (BMI), FCP, C-reactive protein
(CRP), and Pediatric Crohn’s Disease Activity Index (PCDAI)
or Pediatric Ulcerative Colitis Activity Index (PUCAI) score, if
applicable. In the IBD group, patients were followed up at
3 months after initiation of induction therapy. Additional clin-
ical data were then collected regarding response to induction
therapy and disease activity, including FCP, CRP, and PCDAI
or PUCAI score. Response was defined as both clinical
response, marked by a reduction of 212 points in PCDAI in
case of CD or a reduction of 220 points in PUCAI in case of
UC or IBD-U, and absence of the need for treatment escalation
to corticosteroids or biological agents within the initial 3
months of therapy.

LifeLines cohort

The LifeLines cohort is a previously described 3-generational
population cohort from the northern Netherlands, charac-
terized by comprehensive data collection, including stool
sample collection for the Dutch Microbiome Project.?! Sim-
ilar to RAPID, all participants were asked to collect a stool
sample at home and freeze this within 15 minutes. This was
then later collected by lifelines personnel and stored at -80°C
until further handling. We selected and matched participants
from the LifeLines cohort as described previously and
included them in this study as HCs (https://ega-archive.org/
studies/EGAS00001005027).

DNA extraction, sequencing, and metagenomic
data processing

The method for preparing and processing metagenomic
sequencing data of the Rapid cohort was consistent with earlier
studies within the LifeLines cohort, as described previously.”!
Microbial DNA was extracted from fecal samples using the
QIAamp Fast DNA Stool Mini Kit (Qiagen) and the QIAcube
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(Qiagen) automated sample preparation system, following the
manufacturer’s instructions. Metagenomic sequencing was per-
formed at NovoGene Cambridge using the Illumina NovaSeq
6000 S4 flowcell with PE150 to generate reads for each sample.
The metagenomic reads, provided in fastg format, underwent
trimming using KneadData tools. This involved filtering out
reads below Phred quality score 30 and removing Illumina
adapters. Reads that mapped to the human genome were
removed with the Bowtie2 tool. As a final quality control step,
samples with a total read depth <1 million (72=6) were excluded
from further analysis. For taxonomy assignment, we used the
MetaPhlan4 tool with the database of marker genes (version
October 2022). We profiled genes encoding microbial meta-
bolic pathways using the HUMAnN 3.6 pipeline to also study
the functional capabilities of the microbiome. In total, we
detected 4218 bacterial taxa and 480 pathways across the qual-
ity-controlled Rapid dataset. The metagenomic data from the
LifeLines samples were processed in the same way, with the
same database of marker genes, resulting in 5066 bacterial taxa
and 483 pathways. The data from both cohorts were combined
for the species and pathway levels, with missing species and
pathways in one cohort but present in the other cohort imputed
with zeros. To deal with sparse microbial data in our analyses,
we applied filtering. For each group (HC, CGI, and IBD cases)
we selected bacterial species with a mean relative abundance
of >0.01% and pathways with a mean relative abundance of
>0.0001%, which were present in at least 20% of participants
in the respective group; we removed the unknown fractions.
This resulted in 212 filtered species and 132 filtered pathways
in the HC group, 184 species and 152 pathways in the CGI
group, and 146 species and 161 pathways in the IBD group.
These species and pathways were used for analyses. Depending
on the comparison tested, we included the features from the
relevant groups and rescaled them before testing.

Microbiome analyses

We examined the diversity and dissimilarity in gut microbiome
composition across various groups of interest, including IBD
cases vs CGI cases vs HC, and responders vs nonresponders.
To investigate microbial richness (number of microbes) and
evenness (abundance patterns of these microbes) within sam-
ples (alpha diversity), we calculated the Shannon diversity
index at species level using the diversity function in the R pack-
age vegan (version 2.6-4, https://cran.r-project.org/web/pack-
ages/vegan/index.html). The diversity index was calculated on
the nonfiltered dataset. For pathways, we calculated the rich-
ness because it is more sensitive to rare features. Multivariable
linear regression was used to test differences in diversity index
between groups, adjusting for age, sex, and read depth. Because
of the compositional nature of metagenomic data, we applied
a centered log-ratio (CLR) transformation to the data for
downstream analyses. Zeros were replaced with a pseudocount
equal to half of the minimum relative abundance in the dataset.
Microbial and functional dissimilarity between samples (beta
diversity) was determined by calculating Aitchison distances
using the vegdist function. Principal coordinates analysis
(PCoA) plots were generated to visualize group similarities and
differences. To determine the proportion of explained variance
of phenotypes on beta diversity, we used permutational mul-
tivariable analysis of variance (PERMANOVA) implemented
in the adonis2 function with 1000 permutations, adjusting for
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age and sex. For differential abundance analysis, we used linear
models using the Im function from base R (version 4.2.3,
https://www.rdocumentation.org/packages/stats/ver-
sions/3.6.2), adding sex and age as covariates. We calculated
the estimated marginal means for each group using the
emmeans package (v1.8.9, https://cran.r-project.org/web/pack-
ages/emmeans/index.html). Multiple testing in the differential
abundance analysis was accounted for by using the Benja-
mi-Hochberg correction, with a false discovery rate (FDR) of
<0.05 considered statistically significant. An a priori power
analysis was not performed, as standard methods for such anal-
ysis are not well-established for complex microbiome data.

Microbiome modeling and predictions

To model the microbiome for evaluating diagnostic potential
and perform prediction analyses for therapy response, we used
the R package Coda4Microbiome (version 0.2.3, https:/
cran.r-project.org/web/packages/coda4microbiome/index.
html). The dataset was randomly split into a 75% training set
and 25% test set. In the training set, we modeled the ratio
between species or pathways using elastic net regularized gen-
eralized linear regression, implemented in the coda_glnet func-
tion. This method was used to identify the microbial signatures
that best explain differences between the groups of interest. We
used 10-fold cross validation if the number of cases per group
was larger than 10, otherwise 5-fold cross validation was
applied. To prevent overfitting, the maximum number of fea-
tures (nvar) setting was set at 135, to force selection of smaller,
more interpretable ratios. In the test set, the identified species
or pathway ratios were calculated for each sample. To assess
the predictive value of each data layer, we constructed separate
linear models for species, pathways, and clinical features (age,
sex, and if available FCP and CRP). Additionally, combined
models incorporating all data layers were created to evaluate
the predictive power. Subsequently, receiver operating charac-
teristic-area under the curve (ROC-AUC) values were com-
puted for each model. To properly account for variability in
the data and ensure robust estimates, we repeated the train-test
split process with 50 permutations. The average AUC values
and their standard deviations across permutations were plotted
to reflect the overall predictive accuracy and variability. While
these permutations allow for a reliable estimation of the pre-
dictive power, this introduces potential variation in the features

Table 1. Patient characteristics of the study population, n (%) or median (IQR).
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selected across permutations.” Therefore, to identify the most
stable predictors, we applied the coda_glmnet function to the
whole dataset and used these features for interpretation. We
also tested other prediction algorithms, using the sy function
from the e1071 (version 1.7-16, https://cran.r-project.org/web/
packages/e1071/index.html) R package for support vector
machine (SVM) prediction, the cv.glmet function from the glm-
net (version 4.1-8, https://cran.r-project.org/web/packages/
glmnet/index.html) package for Least Absolute Shrinkage and
Selection Operator (LASSO) prediction and the randomForest
(version 4.7-1.2, https://cran.r-project.org/web/packages/ran-
domForest/index.html) function from the randomForest R
package. All with default settings.

Results

Study population

From the Rapid cohort, we included a total of 178 subjects,
103 of whom were diagnosed with IBD (70 CD, 27 UC, 6
IBD-U), and 75 of whom were allocated to the CGI group. Of
all 178 individuals, 134 were initially referred under suspicion
of IBD (75.3%), and 44 were initially referred under suspicion
of DGBI (24.7%) and placed in the CGI group. Of those 134
with IBD suspicion, a small portion (5.2%) ultimately did not
undergo an endoscopy because the IBD diagnosis was already
ruled out in an earlier stage of the diagnostic work-up. Two
individuals in the CGI group were referred under suspicion of
ajuvenile polyp and underwent an endoscopy for polypectomy.
For the LifeLines cohort, we used 356 matched individuals for
the HC group. The baseline characteristics of the study popu-
lation are listed in Table 1. There were no significant differences
in sex or BMI between the study groups, but age was statisti-
cally significantly lower in the HC group (P=.018). The FCP
and CRP levels were significantly higher in the IBD group than
in CGI (both P<.001). The definitive diagnoses of the CGI
group are displayed in Table S1; almost half (45.3%) of the
CGI group was diagnosed with IBS. No significant differences
were found in IBD phenotypes when comparing sex, age, and
BMI (Table S2). Data to evaluate treatment response 3 months
after initiation of induction therapy were available for 67 out
of the 103 IBD patients (42 CD, 19 UC, 6 IBDU). Patients who
received steroids or an anti-TNF agent as induction therapy
were excluded from response classification (z=15), and clinical

Healthy controls (HC) Controls with gastrointestinal Inflammatory bowel disease (IBD) P value®
symptoms (CGI)

n=356 n=75 n=103
Female 163 (46%) 41 (55%) 54 (52%) 0.244
Age, years 13 (11-15) 14 (11.5-16) 15 (13-16) 0.018
Body mass index’, kg/ 19 (17.3-20.8) 19.1 (17-21.5) 18.9 (16.2-21.4) 0.536
ml
Fecal calprotectin®, pg/ NA 26 (11-280) 1963 (1074-3219) <0.001
kg
CRP', mg/L NA 1(0-3) 8 (1-28) <0.001
Reads, million 14.1 (13-15.2) 12.5 (11.4-14.1) 12.0 (9.0-13.5) <0.001

*Missing values in one or more of the groups.

bPearson y? test for categorical variables, Kruskal-Wallis test for numerical variables with 3 groups, and Mann-Whitney U test for numerical variables with

2 groups. P < 0.05 was considered statistically significant.
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scores or therapy data at either baseline or at 3 months were
missing for an additional 21 patients. Among those with avail-
able data, 30 were classified as responders and 37 as nonre-
sponders. There were no significant differences in age, sex,
BMI, PCDAI/PUCALI at baseline, FCP, CRP, or IBD phenotypes
between both response groups at baseline (Table S3).

Gut microbiome diversity and composition across
HC, CGl, and IBD groups

We investigated whether gut microbiome diversity differed
across HC, CGI, and the IBD group by assessing alpha diversity
using the Shannon index. Diversity progressively decreased
from HC (mean=3.36, SE 0.03) to CGI (mean=3.00, SE 0.08),
and even further in IBD patients (mean=2.74, SE 0.06) (Figure
1A, all comparisons P<.05). When stratifying the IBD group

2Nn

by IBD phenotype and comparing it to CGI, we found a signif-
icant reduction in Shannon diversity in CD compared to CGI
(P=.023) but no significant difference between UC and CGI.
Similarly, within the CGI group we compared different pheno-
types to HC and found that Shannon diversity was significantly
lower in IBS compared to HC (P<.001), while no significant
difference was observed between FAP-NOS and HC. Compar-
ing IBD-phenotypes (CD vs UC) did not show differences in
Shannon diversity between phenotypes (P=.66, Figure STA).
Next, we assessed beta diversity by visualizing the Aitchison
distance between samples using PCoA. Clear clustering was
observed between the groups, particularly separating HC from
both CGI and IBD groups (Figure 1B), where the separation
between CGI and IBD was more limited. PERMANOVA anal-
ysis, adjusted for age and sex, confirmed that group (ie, IBD,

Figure 1. Alpha and beta diversity between samples of healthy controls, controls with gastrointestinal complaints and IBD cases at species and
functional level. (A) Shannon diversity at species level of the different groups. P values indicate the significance tested in a linear model including age,
sex, and reads as covariates. (B) Aitchison distance at species level. Dots represent individual samples, colored by group. (C) Richness of functional
pathways for all groups. P values indicate the significance tested in a linear model including age, sex, and reads as covariates. (D) Aitchison distance for

pathways. Dots represent individual samples, colored by group.
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CGI, HC) accounted for a significant part of the variance in
microbial composition, although with a small effect size (R? =
0.045, P<.001), demonstrating that the gut microbiome in IBD
patients is distinct from both CGI and HC, as well as CGI
differing significantly from HC.

We then investigated which species were differentially abun-
dant across the groups (Figure 2). A total of 117 species showed
significant differences between HC and IBD patients, including
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a notable increase in E prausnitzii (estimate 1.99, FDR < 0.001)
and Escherichia coli (estimate 6.06, FDR < 0.001) in IBD. In
the comparison between HC and CGI, 97 species were differ-
entially abundant, with an increase in Eggerthella lenta (esti-
mate 4.09, FDR < 0.001) in CGI. When comparing CGI and
IBD, 32 species were differentially abundant, including a
decrease in Alistipes communis (estimate -2.62, FDR =0.004)
and an increase in E. coli (estimate 3.41, FDR < 0.001) in IBD.

Figure 2. Differential abundance of species between healthy controls, controls with gastrointestinal complaints and IBD cases. The color and sign in the
boxes indicate the value and direction of the coefficient. All FDR significant findings are shown. The first named group is the reference group for the

linear model.
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When comparing IBD phenotypes, we did not find differential
abundant species between UC and CD.

Regarding the functional potential of the gut microbiome,
we observed a significant increase in pathway richness in IBD
compared to both HC and CGI (P <.001 for both comparisons)
(Figure 1C). Beta diversity analysis also revealed distinct clus-
tering patterns among HC, CGI, and IBD, indicating differences
in functional potential of the microbiome across groups
(P<.001,R?=0.066) (Figure 1D). These differences were con-
firmed by differential abundance analysis, which identified 127
differentially significant abundant pathways between HC and
IBD, 72 pathways between HC and CGI, and 42 pathways
between CGI and IBD. In HC vs IBD, adenosine and guanosine
nucleotide degradation pathways, as well as palmitate biosyn-
thesis, were significantly increased in IBD (estimate 0.91, 0.76,
and 2.91, respectively), and a pathway involved in folate trans-
formation was reduced in IBD (estimate —0.30). For HC vs
CGI, we found that CGI patients showed a significant decrease
in pyramidine ribonucleotide synthesis (estimate —0.25) and a
decrease in flavin biosynthesis (estimate —0.19). In the compar-
ison between CGI and IBD, IBD patients showed again
increased adenosine nucleotide degradation (estimate 0.50) and
palmitate biosynthesis (estimate 1.42) and a decrease in 5-ami-
noimidazole ribonucleotide biosynthesis (estimate —0.16).
Comparing CD with UC within the IBD group revealed no
FDR significantly different abundant pathways. All signifi-
cantly different pathways between the listed comparisons are
visualized (Figure S2).
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Gut microbiome as diagnostic marker for pediatric
IBD

We aimed to classify individuals as HC, CGI, or IBD based on
their microbiome signatures, using the Coda4Microbiome
package to select bacterial species and pathways.?* Linear mod-
els were applied to assess the predictive power of these micro-
biome features. Since FCP and CRP measurements were
unavailable for HC, we used only age and sex as clinical fea-
tures in these prediction models. The models distinguishing HC
from IBD showed an AUC of 0.56 =0.07 for clinical features,
0.96£0.02 for species, and 0.89=0.03 for pathways. When
combining all layers, the model achieved an AUC of 0.96 +0.02
(Figure 3A), mainly driven by microbial species, particularly
increased abundance of E. coli (model coef=0.26) and
decreased abundance of A. communis (model coef = —0.25) in
the IBD group. Notably, the increased abundance of E praus-
nitzii (model coef 0.07) in the IBD group was also a key dis-
tinguishing feature for IBD, as well as the increased abundance
of the adenosine nucleotide degradation pathway (model coef
0.21).

In distinguishing HC from CGI, the AUC was 0.56+0.07
for clinical features, 0.94+0.03 for species, and 0.84+0.07
pathways. The combined model resulted in an AUC of
0.94 +0.03, again primarily driven by microbial species. Spe-
cifically, the increased abundance of Odoribacter splanchnicus
(model coef=0.53) and decreased abundance of Senegalimas-
silia anaerobia (model coef = —0.29) were strong predictors for
identifying HC compared to CGIL. For pathways, a strong

Figure 3. AUC curves of microbiome predictions. (A) This shows the predictive power of clinical features, microbial features, and pathway features, and
all features combined for distinguishing HC from IBD. (B) Predictive power for distinguishing CGl vs IBD. (C) AUC curve for prediction of response to

induction therapy.
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predictor was the abundance of 5-aminoimidazole ribonucle-
otide biosynthesis (model coef —0.25) for HC.

For distinguishing CGI from IBD, where FCP and CRP mea-
surements were available, the clinical features model demon-
strated the strongest performance with an AUC of 0.90+0.05,
while species and pathways achieved AUCs of 0.71+0.07 and
0.61+0.08, respectively. When all layers were combined, the
AUC reached 0.80+0.06 (Figure 3B), suggesting that clinical
features alone provide the best classification between CGI and
IBD, and the addition of microbiome features did not enhance
the model. The species model was mainly driven by increased
abundance of E. coli and Anaerotignum faecicola in the IBD
group, and increased abundance of GGB9719_SGB15272
(part of the Oscillospiraceae family) as the primary feature for
CGI. For the pathway model, 4-deoxy-L-threo-hex-4-enopy-
ranuronate degradation (model coef 0.31) abundance was a
strong predictor for IBD. As this was our worst species-based
prediction, we compared different prediction models. LASSO
and SVM models achieved similar or worse predictions
(AUC=0.70+0.08 and AUC=0.68+0.07). Random forest
modeling resulted in an improved prediction with an AUC of
0.81+0.06 based on species alone, indicating a potential effect
of the abundance of single species rather than a ratio between
multiple species. This prediction was primarily based on the
abundances of species Lawsonibacter asaccharolyticus, A. fae-
cicola, and E. coli (MeanDecreaseGini > 1.4).

To analyze microbial differences between CD and UC in our
cohort, we ran the same prediction models as before. We
observed a split based on microbial features with an AUC of
0.74+0.11. Clinical features alone resulted in an improved
AUC of 0.78+0.11 due to the difference in CRP as indicated
by Table S2. Pathways showed limited predictability with an
AUC of 0.63 £0.13. When microbial features, clinical features,
and pathways were all combined, this resulted in an AUC of
0.76 £0.10.

Using the subspecies-level annotation from MetaPhlan4’s
single genome bins (SGBs), we identified which species in our
dataset contained multiple SGBs. Focusing on the species iden-
tified as predictive in our models, we detected 8 SGBs of E
prausnitizii and 2 SGBs of Ruminococcus torques. In the model
distinguishing HC from IBD, we found that the increased abun-
dance of E prausnitizii SGB15316 (model coef=0.06) was
predictive for IBD, while the other 7 SGBs did not contribute.
For R. torques, we found that the increased abundance of
SGB4608 was highly predictive for IBD (model coef=0.21).

Gut microbiome and prediction of therapy
response

We investigated the potential of the gut microbiome to predict
response to all types of induction therapy in pediatric IBD
patients. We compared microbial diversity and composition
between responders (7=30) and nonresponders (z=37) at base-
line and found no significant difference in Shannon diversity
between the 2 groups (P=.92). Similarly, beta diversity analysis
showed no significant differences in microbial composition
(P=.78), and no species were identified as differentially abun-
dant between the groups. Comparing the functional profiles of
the gut microbiome between the groups also did not show
differences between responders and nonresponders at baseline.
When using microbial features to predict induction therapy
response, the model showed an AUC of 0.58 +0.08 for species
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and 0.63+0.11 for pathways. Combining microbial and the
clinical features (CRP, FCP, age, and sex) resulted in an AUC
of 0.63+0.09, which had a marginally better AUC but a sig-
nificantly better model fit (3> P=8.94e-15) than the clinical
model alone (AUC=0.60+0.11) (Figure 3C).

Next, we focused specifically on the subgroup of patients
that started with nutritional induction therapy, both exclusive
enteral nutrition (EEN) or Crohn’s disease exclusion diet
(CDED), as these therapies are hypothesized to act through
modulation of the gut microbiome. Comparisons of Shannon
diversity between responders to nutritional therapy (z=17) and
nonresponders to nutritional therapy (7=23) again revealed
no significant differences at baseline (P=.90), and microbial
composition (beta diversity) was similar between the groups.
Predictive models using microbial species had an AUC of
0.65+0.13, while the model using pathways yielded an AUC
of 0.64=0.12, indicating no strong predictive capacity of
microbial features for response to nutritional induction ther-
apy. However, including microbial features in addition to the
clinical model (AUC 0.67 +0.13) resulted in the highest AUC,
and the clinical model alone (0.63 +0.15) did not perform bet-
ter than the separate microbiome features.

Post hoc analysis on gut microbiome to prevent
unnecessary endoscopies

Our prediction analysis showed that clinical features, includ-
ing inflammatory markers (FCP, CRP) effectively distinguish
IBD from CGI (AUC 0.90+0.05). However, some CGI cases
still were clinically suspected of IBD, leading to invasive and
costly endoscopic procedures. This prompted us to perform
post hoc analyses to explore baseline gut microbiome differ-
ences between patients who underwent, in hindsight, an
unnecessary endoscopy (7=19) and those who underwent
necessary endoscopy (7=109). An unnecessary endoscopy
was defined as an endoscopy performed in a control patient
who, based on clinical features, was suspected of having IBD
but was found not to have IBD following the procedure. Of
the patients, 17 had elevated FCP (>50 pg/kg) and 5 had ele-
vated CRP (>5mg/g) at baseline. A necessary endoscopy was
defined as an endoscopy performed in a patient who was
suspected of having IBD and was subsequently confirmed to
have IBD, or in a patient suspected of having a condition for
which endoscopy is also an appropriate diagnostic tool, such
as celiac disease or polyps. Our goal was to determine whether
microbiome features could serve as biomarkers to reduce
unnecessary endoscopies.

Alpha diversity was lower in the necessary endoscopy group
(mean 2.76, SE 0.06) compared to the unnecessary endoscopy
group (mean 3.08, SE 0.12), with the difference nearing statis-
tical significance (P=.076). PERMANOVA analysis revealed a
significant difference in beta diversity between the 2 groups
(P=.002,R?=0.014). Additionally, E. coli, Lacrimispora amyg-
dalina and Clostridium spAF2017LB abundance was signifi-
cantly decreased in the unnecessary endoscopy group compared
to the necessary endoscopy group. Functionally, richness was
higher in the necessary endoscopy group (P=.01), and beta
diversity also differed between groups (P=.01, R? = 0.02). Two
pathways related to nucleotide degradation were decreased in
the unnecessary endoscopy group, while a pathway involved in
N-acetyl-D-glucosamine degradation was increased in the group
with unnecessary endoscopies.
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To evaluate the predictive power of microbial features in
distinguishing necessary from unnecessary endoscopies, we
modeled microbial species and pathways. The clinical features
model yielded an AUC of 0.76+0.11, microbial species
achieved an AUC of 0.67+0.11, and pathways reached an AUC
of 0.71+0.11. Combining these layers resulted in an AUC of
0.69+0.1. The microbial pathways involved in flavin and
Coenzyme A biosynthesis were predictive of needing an endos-
copy, while pathways for pyrimidine deoxyribonucleosides
salvage and chorismate biosynthesis were associated with the
unnecessary endoscopy group. Random forest models achieved
a marginally improved AUC of 0.73 +0.11, primarily based on
the abundance of Bifidobacterium adolescentis.

Discussion

Our study aimed to profile the gut microbiome of de novo,
therapy-naive pediatric IBD patients, CGI, and HC and to
describe the differences between these 3 groups. Additionally,
it sought to assess whether the microbial profiles at diagnosis
could be used as diagnostic markers for pediatric IBD and
predict response to induction treatment in general as well as
nutritional therapy. Our study demonstrates distinct gut micro-
biome compositions between HC, CGI, and pediatric IBD
cases. Our diagnostic model including microbiome features
achieved an impressive AUC of 0.96 for distinguishing between
HC and IBD, and an AUC of 0.80 for differentiating CGI from
IBD. However, the ability of microbiome-based models to pre-
dict response to induction therapy in general showed limited
accuracy (AUC 0.63), and an AUC of 0.67 for response to
nutritional induction therapy.

Gut microbiome composition

To our knowledge, this is the first study to perform gut micro-
biome analyses through metagenomic sequencing in a pediatric
cohort of de novo therapy-naive IBD patients, CGI, and HCs.
In the past decade, several studies have been conducted on the
gut microbiome in pediatric IBD patients. All but one study
compared the gut microbiome of pediatric IBD patients to that
of HCs.>-? Kellermayer et al compared gut microbial compo-
sitions of pediatric IBD patients with those of children in whom
IBD diagnosis was excluded following endoscopic and histo-
logic analysis.” A concrete description of the control group in
this study, however, is not provided. Most studies used the 16S
rRNA sequencing technique for microbiome analysis. Lewis et
al and Knoll et al performed metagenomic analyses in pediatric
IBD patients and controls but lacked power due to limited
sample sizes (86 IBD vs 26 HC, and 12 IBD vs 12 HC, respec-
tively).?>*” Most studies on gut microbiome differences in pedi-
atric IBD patients found similar results to ours, specifically a
decreased alpha diversity in IBD patients compared to CGI and
HCs and an increase in E. coli and Bacteroides species.!>?$3
This reduction in microbial diversity is a hallmark of gut dys-
biosis, which is commonly associated with IBD.?° Beta diversity
analysis revealed distinct clustering between groups, indicating
significant compositional differences in the gut microbiome.
This clustering supports the hypothesis that the gut microbiome
in pediatric IBD patients is different from that of CGI and HC.

We identified 117 differentially abundant species between
HC and IBD, 97 species between HC and CGI, and 32 species
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between CGI and IBD. An increase of E prausnitzii and E. coli
in IBD was observed when compared to HC, and a decrease
of A. communis and an increase of E. coli in IBD when com-
pared to CGl. E prausnitzii is often featured in gut microbiome
studies in IBD. Although our study found elevated levels of this
bacterium in children with IBD, existing literature typically
associates it with decreased abundance in IBD cases.'>?%>%3> It
is known for its anti-inflammatory effects in the colon and is a
major producer of butyrate, which also has anti-inflammatory
properties.”> These characteristics are why E prausnitzii is
widely considered to have a protective role in the gut.”> A recent
study reported lower E prausnitzii levels in individuals at risk
for CD prior to diagnosis.** The increase in E prausnitzii in our
pediatric IBD group, however, appears contradictory to these
findings. This discrepancy may be attributable to the inclusion
of children with de novo IBD, reflecting a relatively early stage
and shorter duration of disease. Interestingly, our subanalysis
using the subspecies level revealed that the increased abundance
of E prausnitizii SGB15316 was predictive for IBD, where the
others SGBs of E prausnitzii were not predictive. Adding sub-
species-level analyses might reveal different associations com-
pared to only species-level analyses, which could also explain
why this increase in E prausnitzii in IBD was not commonly
observed before. These findings highlight the importance of
subspecies-level resolution, as only 1 of the 8 detected E praus-
nitzii subspecies (SGB15316) was predictive of IBD, suggesting
functional heterogeneity within this species. Future compara-
tive genomic analyses between this SGB and previously char-
acterized protective strains may elucidate strain-specific roles
in IBD pathogenesis. Our finding of a decreased abundance of
A. communis is in accordance with the existing literature.?®*
A. communis belongs to the Bacteroidales order, which has
frequently been associated with IBD.* Similarly, the increased
abundance of E. coli observed in our study is consistent with
existing literature.'®'>3? Unlike obligate anaerobes such as
E prausnitzii and A. communis, E. coliis a facultative anaerobe
that may have a competitive advantage in a higher oxidative
stress environment.*®

Functional pathways

Functional analysis of the gut microbiome revealed an increased
richness of metabolic pathways in IBD patients, suggesting an
increased functional potential compared to both CGI and HC.
It is important to note that the metabolic pathways of E. coli
have been studied in much greater detail compared to those of
other species.”” Consequently, many pathways in the MetaCyc
database are linked to E. coli; therefore the increase in E. coli
abundance observed in IBD patients likely contributes to the
observed rise in pathway richness in IBD patients. Additionally,
richness is a count of unique pathways and not directly tied to
species diversity. However, this increase in functional potential
may reflect the microbial community’s adaptive responses to
the inflammatory conditions in the gut of IBD patients. Fur-
thermore, stress-induced shifts in microbial gene expression or
selection for metabolically versatile microbes may contribute
to increased functional richness despite reduced microbial
diversity.!” The distinct clustering of functional pathways and
differential abundance findings further underscore the altered
functional state of the gut microbiome in IBD. Notably, path-
ways involved in nucleotide degradation, particularly
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adenosine degradation, and palmitate biosynthesis were
increased in IBD compared to both CGI and HC. Palmitates
are the derivatives of palmitic acid, a fatty acid, and one study
has suggested a potential link between palmitic acid and the
onset of IBD.*® However, the precise role of this fatty acid in
IBD pathogenesis remains to be further elucidated, as well as
the significance of increased nucleotide degradation. It is
important to highlight that while metagenomic data can be
used to estimate pathway abundances, it does not indicate the
actual levels of metabolites from these pathways. Therefore,
future studies incorporating metabolomics are needed to clarify
the role of these pathways in IBD.

Diagnostic microbiome-based prediction of IBD

We created a microbiome-based diagnostic prediction model
and found that the microbiome could effectively distinguish
IBD from HC, with an AUC of 0.96 +0.02. The increased abun-
dance of E. coli and the decreased abundance of A. communis
were key microbial features driving the prediction of IBD. Add-
ing clinical features or pathways to this model did not improve
its accuracy. The predictive model distinguishing IBD from CGI
showed an AUC of 0.71+0.07 (species) and 0.61+0.08 (path-
ways) when solely the microbiome data were used, an AUC of
0.90=0.05 for the clinical model, and an AUC of 0.80+0.06
when clinical features, species, and pathways were included in
the model. This model was mainly driven by the clinical bio-
markers CRP and FCP, increased abundance of E. coli and A.
faecicola, and increased abundance of the
4-deoxy-L-threo-hex-4-enopyranuronate degradation pathway
in IBD, and increased abundance of SGB15272 in CGI. The
strong performance of the clinical model in distinguishing IBD
from CGI using CRP and FCP is expected, as these markers
were also used to classify part of the CGI group, with low FCP
levels being a key factor in this classification. Kim et al recently
conducted fecal microbiome analyses through 16S rRNA
sequencing in 785 IBD patients and 1462 HC and found an
AUC of 0.99 for their diagnostic model based on the gut micro-
biome.?’ This is comparable to our finding of an AUC of 0.96
for IBD vs HC. However, the distinction between IBD patients
and CGI is a much more clinically relevant consideration for
a diagnostic model.

In a post hoc analysis, we explored the potential of the gut
microbiome to serve as a biomarker to prevent unnecessary
endoscopies in CGI. Alpha diversity was lower (Figure S1B),
and E. coli abundance was increased in the necessary endos-
copy group compared to the unnecessary endoscopy group. We
found that clinical features (AUC of 0.76 £0.11) similarly out-
performed microbiome (AUC of 0.67+0.11 for species, AUC
of 0.71+0.11 for pathways) in distinguishing the necessity of
endoscopy, and combining both resulted in an AUC of
0.69+0.10. Again, the superior performance of clinical features
in this model is expected, since they determined whether a
patient in this cohort would undergo an endoscopy. Conse-
quently, our results do not convincingly show that the micro-
biome can replace or improve existing clinical decision tools.
However, the small sample size of the unnecessary endoscopy
group (n7=19) limits predictive power, as reflected in the large
standard deviations. While clinical features showed the highest
accuracy, clinical uncertainty still led to performing these
endoscopies, which also holds value for reassurance for diag-
nosis despite negative endoscopy findings.
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Prediction of therapy response

We found no differences in baseline gut microbiome composi-
tions between pediatric IBD patients who responded to induc-
tion therapy and those who did not, also when performing
these analyses for the subgroup of patients receiving nutritional
induction therapy. This aligns with some of the existing liter-
ature, which shows mixed findings on this topic, as only certain
studies report a correlation between baseline microbiome diver-
sity and future therapy response.*’ Inconsistent results are also
common regarding the predictive power of specific microbiome
features in therapy response for IBD patients.”>*' For nutri-
tional therapy specifically, a recent study reported 79% accu-
racy using microbiome features to differentiate between
responders and nonresponders to EEN therapy.'® In our cohort,
17 out of 40 patients (42.5%) receiving nutritional therapy
were classified as responders, while 23 patients (57.5%) were
nonresponders. This nonresponse rate is higher than reported
in the literature, which describes successful induction of remis-
sion in 75%-85% of cases with EEN and a 75% response rate
to CDED at week 12.4* However, it is important to note that
response definitions vary across studies, which may contribute
to these inconsistent findings. While the microbiome might play
a role in therapy response, the lack of predictive features in our
study could be due to the complex and multifactorial nature
of therapy response, as response is not only driven by the gut
microbiome but also by immunological pathways, genetic fac-
tors, and disease severity and behavior.* Further research with
larger sample sizes is needed to elucidate the role of the gut
microbiome in influencing therapy response.

Limitations and strengths

First, due to the design of the study, where we collected a stool
sample at one time point, we cannot draw conclusions on alter-
ations in the gut microbiome during the course of the disease;
this is a crucial step in understanding the role of the microbi-
ome and its metabolites in the pathogenesis of IBD. Longitu-
dinal studies with multiple sampling points and concurrent
collection of clinical and biochemical disease activity data,
along with mucosa-associated microbiome sampling, are
needed. Such studies may also help clarify the cause-vs-conse-
quence dilemma in microbiome research. Secondly, despite
ours being one of the larger studies on the gut microbiome in
pediatric IBD, the study population is still rather limited. Espe-
cially when divided into subgroups, sample size of IBD pheno-
types and subtypes of CGI were fairly limited, complicating
drawing conclusions on these subgroups. Moreover, data on
diet and other environmental factors were limited, even though
these are known influences on the gut microbiome.** Addi-
tionally, not every individual in the CGI group underwent
endoscopy, the reference standard for definitively ruling out
IBD. However, we conducted a 1-year follow-up on all CGI
patients after baseline and confirmed that none had developed
IBD. Finally, while we did not perform follow-up endoscopies
in the IBD group to assess mucosal healing for therapy response,
we used standardized clinical scores to monitor outcomes.
While multiple studies, mainly in adults, have demonstrated
that microbiome signatures can predict treatment response to
biologics such as anti-TNF agents, vedolizumab, and usteki-
numab, Prins et al reported only limited predictive value for
ustekinumab and vedolizumab.?>*%! In our study, we did not
observe a strong microbiome-based predictive signal for
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treatment response, suggesting that its utility as a biomarker
may not be universal. Factors such as disease severity, treat-
ment history, and methodological differences across studies
could have contributed to these discrepancies. Our pediatric
cohort was characterized by relatively mild disease, with the
majority being categorized as “mild” based on PCDAI and
PUCALI, and minimal steroid and biologic use. Though these
differences were not statistically significant, we acknowledge
that disease severity at baseline may play a role in microbi-
ome-treatment response associations.

An important strength of this study is the inclusion of a
therapy-naive cohort of de novo IBD patients. Previous micro-
biome studies in adult cohorts have often been limited by the
influence of extensive therapy histories and the effects of long-
term IBD.'?*¢ Some pharmacologic treatments are known to
alter the microbiome, adding to heterogeneity in study popu-
lations.’>** Similarly, most pediatric studies have focused on
patients with established disease and treatment.”**” An inter-
esting future direction would be to compare our de novo ther-
apy-naive pediatric IBD group with established pediatric IBD
and adult IBD. Moreover, by including not only HC but also
CGI, our study closely mirrors clinical practice, helping to dif-
ferentiate between new-onset IBD and non-IBD conditions.
Though we found a statistically significant difference in age
between IBD, HC, and CGI groups in this study population,
we do not expect that this influenced outcome, as the compo-
sition and diversity of the intestinal microbiome reaches matu-
rity and approaches that of an adult at the age of around 3
years.” Furthermore, the use of shotgun metagenomic
sequencing provides detailed subspecies-level taxonomic clas-
sifications and insight into microbial metabolic pathways,
offering a more comprehensive understanding of the role of the
microbiome in IBD pathogenesis than the commonly used 16S
rRNA sequencing technique for microbiome analysis, espe-
cially for environments with high microbial densities such as
the gut.!>%

Conclusion

This study underscores the significant differences in gut micro-
biome diversity and composition between pediatric IBD
patients, CGI, and HC. Our findings support the potential of
the gut microbiome as a diagnostic tool for pediatric IBD, with
an AUC of 0.96 for HC vs IBD and 0.71 for CGI vs IBD.
Moreover, when combining clinical features with microbiome
profiles and microbial metabolic pathways, AUCs of 0.96 (HC
vs IBD) and 0.80 (CGI vs IBD) were achieved. Additionally, we
highlight specific microbial and functional features that could
serve as valuable biomarkers. While the baseline gut microbi-
ome displayed limited predictive power for therapy response,
it holds promise for enhancing diagnostic accuracy, and the
predictive signature in microbiome features, mainly pathways,
could potentially prevent unnecessary endoscopies. Further
research is needed to validate these findings and explore the
therapeutic potential of targeting the gut microbiome in IBD.
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