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Combining mucosal microbiome and host
multi-omics data shows prognostic potential
in paediatric ulcerative colitis

Maria Kulecka1,2, Jill O’Sullivan1,2,3, Rachel Fitzgerald 1,2, Ana Velikonja1,2,
Chloe E. Huseyin1,2, Emilio J. Laserna-Mendieta 1,2, Patricia Ruiz-Limón1,4,
Julia Eckenberger1,5, Miriam Vidal-Marín1, Bastian-Alexander Truppel1,
Raminder Singh1, Sandhia Naik6, Nicholas M. Croft 7, Andriy Temko 8,
Aldert Zomer9, John MacSharry 1,2, Silvia Melgar 1, Protima Deb6,
Ian R. Sanderson7 & Marcus J. Claesson 1,2

Current first-line treatments of paediatric ulcerative colitis (UC) maintain a
6-month remission in only half of the patients. Relapse prediction at diagnosis
could enable earlier introduction of immunosuppressants. We collected
intestinal biopsies from 56 treatment-naïve children, combining mucosal
quantitative microbial profiling with host epigenomics, transcriptomics, gen-
otyping, and in vitro and in vivo experiments on selected bacteria. Baseline
bacterial diversity is lower in relapsing children, who have fewer butyrate
producers but more oral-associated bacteria, whereof Veillonella parvula
induces inflammation in epithelial cell lines and IL10−/− mice. Microbiota has
the strongest associationwith future relapse, followed by host epigenome and
transcriptome. Interferon gamma signalling is also linked to relapse-associated
bacteria. Relapse-prediction using separate omics data is outperformed by a
robust machine learning approach combining microbiomes and epigenomes.
In summary, host-microbe data have prognostic potential in paediatric UC.
Our translational findings also suggest that pro-inflammatory oral-associated
colonizers can exploit the reduced colonic bacterial diversity of relapsing
children.

Paediatric ulcerative colitis (UC) is an immune-mediated disease of
complex aetiology, with onset in children up to 17 years of age1,
characterized by mucosal inflammation of the colon, extending from
the rectum2. Paediatric disease is often more severe than its adult
counterpart3,4 and is amajor public health concern due to its increased

mortality rates5 and cancer risks6 throughout lifetime. The incidence is
increasing worldwide, with Western European countries presenting
with one of the highest incidence rates7. Etiopathogenesis of UC is
multi-factorial and complex, with paediatric UC having a stronger
genetic component than adult disease8,9. Implicated susceptibility
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genes are involved in barrier function, adaptive immunity, and antigen
presentation10, suggesting impaired immune response to commensal
and pathogenic bacteria alike. Consequently, gut microbial signatures
have been suggested in a contributing role, both for paediatric11,12 and
adult13,14 disease, as well as having prognostic potential15 (reviewed in16

for paediatric disease).
Children with UC are diagnosed after colonoscopy and biopsy,

after which remission is induced with aminosalicylates (5-ASA) drugs
and (usually) corticosteroids. A small number do not respond and will
require ciclosporin, anti-TNF drugs, or colectomy. While remission is
successfully achieved inmost children, aroundhalf of themwill relapse
within 6months17. A further remission is induced with a second course
of corticosteroids with the addition of a thiopurine as an
immunosuppressant18. Identification of children who are likely to
relapse within 6 months of diagnosis would be advantageous, as they
could be treated with immunosuppressants or biologics from the
onset19.

The available biomarkers for the aminosalicylates and corticos-
teroid treatment outcomes in paediatric UC are unfortunately lim-
ited. Various strategies have been adopted, including clinical
features at diagnosis20,21, carriage of single-nucleotide
polymorphisms22, and CD8 gene transcription in circulating CD8+
T-cells23,24. Other clinical features previously associated with sus-
tained corticosteroid-free remission (52 weeks) include low baseline
severity, baseline haemoglobin, week 4 clinical remission25, and
decrease in faecal calprotectin by week 1226. While these approaches
show some promise, they have significant problems. First, using
clinical criteria, the best prognostic index is the disease activity
4–12 weeks after treatment and not a marker before it21,25; second, a
large-scale gene-association study failed to link most clinical sub-
phenotypes of IBD to known genetic loci27; and third, isolating
CD8 + T-cells from children requires significant amounts of blood
from venipuncture to obtain sufficient lymphocytes. We suggest that
it is likely that the environment of the intestine, to which immune
cells respond, will have a determining effect, and this forms the basis
of a new approach to a long-standing goal.

Biomarkers based on high-throughput sequencing technologies
(“omics”) of rectal mucosa have also been proposed and include
antimicrobial peptide gene signature and bacteria from the

Ruminococcaceae family and Sutterella genus25. Here, we applied a
multi-omics approach on both host and microbial features from
intestinal biopsies using combinatory machine learning (ML) model-
ling. We found that the mucosa-related microbiota (including some of
oral origin) at UC diagnosis and their interaction with the mucosal
transcriptome, and to a lesser degree the epigenome, predict the
therapeutic outcome (at 26 weeks post-diagnosis following treatment
with corticosteroids and aminosalicylates).

Results
Mucosalmicrobiome diversity and composition at diagnosis are
associated with future relapse
We recruited 56 children between 2 and 16 years who were diagnosed
as having UC through colonoscopy (see patient characteristics in
Table 1). At diagnostic colonoscopy, 201 biopsies were collected from
the terminal ileum (TI), ascending colon (AC), distal colon (DC), and
rectum (R).

We sequenced the 16S rRNA V3V4 region to determine mucosal
microbiota diversity and composition. After filtering and chimera-
elimination, 156,565 reads per sample (range: 12,070–646,470, med-
ian: 137,686) generated 5196 ASVs, whereof 4464 ASVs were classified
as bacteria (range: 29–368, median: 141). 16S rRNA amplicon sequen-
cing was normalized to the total 16S rRNA gene copy number to better
approximate abundance28. Principal coordinate analysis (PCoA) of
Bray–Curtis distances, performed on a prevalence-filtered subset of
292 ASVs present inmore than 10% samples, revealed significant shifts
in both the first and third principal coordinates associated with future
relapse (PCo1, PCo3, respectively; pooled samples, Wilcoxon test
p <0.05, Fig. 1A; DC samples, Fig. 1B). At the time of diagnosis, PUCAI
was also associated with the microbiota PCo1 and PCo3 (Fig. 1C).
However, no significant association with future relapse was detected
by assessing the severity of the disease (as measured by the PUCAI) at
the time of diagnosis (Fig. 1D). Analysis of pooled samples across all
sites showed a significantly lower microbiota diversity (Shannon) and
richness (Chao1) in subjects who later relapse (Fig. 1E). These differ-
ences remained significant when separated into descending colon and
rectum (Supplementary Fig. 1).

We used a negative binomial model to identify 23 differential
ASVs (Supplementary Data 1), with most taxa (16) depleted in the

Table 1 | Cohort characteristics, including the full cohort as well as split by single omics

Full cohort,
N = 56

Epigenetics,
N = 55,
Biopsies = 168

Microbiome,
N = 48, Biopsies = 159

Transcriptomics, N = 53,
Biopsies = 173

Relapse
N = 28

Remission N = 28 Relapse
N = 28

Remission N = 27 Relapse
N = 23

Remission N = 25 Relapse
N = 27

Remission N = 26

Age (months)

Median (IQR) 144 (111, 158) 149 (119, 173) 144 (111, 158) 150 (118, 174) 140 (111, 157) 150 (126, 174) 148 (112, 158) 149 (121, 174)

Range 24–189 63–195 24−189 63−195 24−189 63−195 24−189 63−195

Sex

F 13 (46%) 14 (50%) 13 (46%) 13 (48%) 12 (52%) 12 (48%) 13 (48%) 14 (54%)

M 15 (54%) 14 (50%) 15 (54%) 14 (52%) 11 (48%) 13 (52%) 14 (52%) 12 (46%)

PUCAI at diagnosis

Median (IQR) 50 (35, 70) 55 (39, 70) 50 (35, 70) 55 (38, 70) 50 (35, 70) 55 (35, 65) 50 (35, 70) 55 (38, 70)

Range 20–80 20−85 20−80 20−85 20−80 20−85 20−80 20−85

Antibiotics use 6 (21%) 4 (14%) 6 (21%) 4 (15%) 3 (13%) 3 (12%) 6 (22%) 4 (15%)

Biopsies

R 28 26 21 21 27 25

DC 13 3 22 18 18 10

AC 24 26 19 18 24 24

TI 23 25 18 22 21 24

R rectum, DC descending colon, AC ascending colon, TI terminal ileum.
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relapse group. These include known butyrate producers (F. praus-
nitzii, E. rectale, and R. inulinivorans29) and mucin degraders (B. fra-
gilis, B. thetaiotaomicron, B. vulgatus, and R. torques30. Seven ASVs
were over-represented in the relapse group, including V. parvula,
Alloprevotella rava, and Fusobacterium canifelinum (Fig. 1F). As
antibiotic use is postulated as a risk factor for IBD development31–33, it
was not an exclusion criterion in our study. However, since it might
affect microbial composition in the long term, we also performed a
separate analysis with patients exposed to antibiotics excluded (141
samples from 42 children). This included previously mentioned
butyrate producers (F. prausnitzii and E. rectale), mucin degraders (B.
fragilis), as well as V. parvula, A. rava, and F. canifelinum (Supple-
mentary Data 2).

Relapsing patients are over-represented in the Veillonellaceae-
enriched microbial cluster
To highlight more granular microbiota groupings, we identified nine
sample clusters (seeMethods),where the largest contained36 samples
(cluster 1) and the smallest contained 10 samples (cluster 9). Some
overlap is visible between clusters, however, this is not unexpected
due to the possible spectral nature of human gut microbial
communities34. Two clusters had statistically significant differences in
the proportion of future relapse samples in comparison to all other
clusters combined (47%). Cluster 2 had a significantly higher propor-
tion of future-relapse samples (74%, 95% CI: 51–89%), while cluster 8
contained only future-remission samples (0% of relapse samples, 95%
CI: 0–32%). For cluster 2, families Veillonellaceae and Aerococcaceae
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Fig. 1 | Microbiome analysis based on 16S V3-V4 data, corrected for absolute
abundance with 16S qPCR. A Principal coordinate (PCo) analysis, based on
Bray–Curtis distances. Depicted are coordinates significantly associated with the
patient’s status at 6 months (Wilcoxon’s test, n Relapse = 80, n Remission = 79).
B Principal coordinates analysis split by biopsy site. Relapse/remission numbers
for sites are as follows: R:21/21, DC:22/18, AC:19/18, TI:18/22. C Associations of
PUCAI at baseline with 1st and 3rd PCo, as measured by Spearman’s correlation
coefficient. For the smoothing function, a 95% confidence interval is used.
D Differences of baseline PUCAI between relapse and remission cohorts.
E Differences between relapse and remission cohorts (on pooled samples) in taxa

diversity and richness, measured by Shannon and Chao1 indices, respectively.
F Differentially abundant taxa between relapse and remission cohorts (pooled
samples, mixed effects models) as indicated by zero-inflated negative binomial
models. Significance codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘’ 1. All tests were
two-sided, with no multiple testing correction. For boxplots, the lower and upper
hinges correspond to the first and third quartiles, while the upper whisker
extends from the hinge to the largest value no further than 1.5 × IQR from the
hinge (IQR inter-quartile range). The lower whisker extends from the hinge to the
smallest value at most 1.5 × IQR of the hinge. Themiddle line denotes the median.
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were significant indicators, and it also shared indicators Enter-
obacteriaceae and Clostridiaceae with cluster 5. For cluster 8, only
Acidaminococcaceae was a significant indicator. At the more granular
ASV level, Escherichia–Shigella, Aggregatibacter segnis, and Veilonella
dispar were indicators for cluster 2, while Prevotella copri and unclas-
sified Lachnospiraceaewere indicators for cluster 8. Cluster 2 was also
characterized with significantly lower species diversity (mean Shan-
non: 1.63, 95% CI: 1.16–2.11) and richness (mean Chao1: 115, 95% CI:
99–132) than the overall cohort mean, whereas cluster 8 had sig-
nificantly higher species diversity than the cohort mean (mean Shan-
non index 3.26, 95% CI: 2.95–3.56). Cluster 2 participants were
significantly younger than the full cohort (mean age: 128 months, 95%
CI: 120–135), more likely to be female (74%, 95% CI: 51–89%), and less
likely to be born vaginally (35%, 95% CI: 17–57%). Conversely, partici-
pants from cluster 8 were significantly older than the average of all
other clusters (mean age: 156 months, 95% CI: 144–169). Interestingly,
both groups had significantly higher PUCAI at the time of diagnosis
than the cohort mean (Fig. 2 and Supplementary Data 3). We also
performed clustering for each biopsy site separately, however, none of
the clusters had any association with future patient status (Supple-
mentary Fig. 2 and Supplementary Data 3).

V. parvula induces pro-inflammatory responses both in vitro
and in vivo, which cannot be counteracted by UC therapeutics
To examine the potentially detrimental influence on the host and the
effect of UC-associated therapies, the inflammatory effect of the sig-
nificant relapse-associated bacteria was studied using bacterial condi-
tioned media (i) co-cultured with intestinal epithelial cell lines and (ii)
whole bacteria was orally gavaged to IL10−/− mice. Two Veillonella genus
species were chosen: V. dispar, as it was an indicator species in a relapse-
related bacterial cluster, and V. parvula, as it was significantly increased
in the relapse group. V. dispar was chosen over other indicator species
for its cluster because: (1) Veillonellaceae as a family were also identified
as indicators in this cluster, (2) it showed higher abundance in the gut
compared to A. segnis, and (3) for Escherichia–Shigella, a strain-level
analysis would likely be necessary to identify a suitable strain—whichwas
not feasible with our 16S rRNA data. Co-culture (24h) of epithelial cells
withV. parvula conditionedmedia significantly induced secretion of IL-8
and NFκB-activation, but not by V. dispar (Fig. 3A, C, D). While these
species activated the IRF-pathway, this was not associated with
CXCL10 secretion (under detection level of 15.6 pg/mLof ELISA assay) or
reduced by the UC-associated JAK-inhibitor Tofacitinib, when compared
to the control polydA:T (Fig. 3B). Similarly, treatment with Tofacitinib
and methylprednisolone failed to reduce IL-8 secretion and NFκB-
activation induced by these species (Fig. 3A, C, D). In contrast, Sulfasa-
lazine (component of aminosalicylates) significantly reduced V. parvula-
induced IL-8 and NFκB activation (Fig. 3C, D). Addition of the two Veil-
lonella-conditioned media did not affect LDH (viability of the cells) or
induce the secretion of the inflammatory cytokines CCL20, CXCL10, or
IL-1β (under detection level of 15.6 pg/mL of ELISA assay for each
respective cytokine). IL10−/− mice colonized with V. parvula resulted in a
significant body weight loss, increased colon weight and colonmKC (IL-
8 homologue) levels, and a reduction in caecum weight, indicative of
intestinal inflammation (Fig. 3D). In agreement with the in vitro findings,
V. dispar did not promote inflammation in IL10−/− mice (Fig. 3E–G). In
contrast to previous studies with the pathobiont AIEC (ref. 35), no
exacerbation of inflammation was observed in V. parvula pre-colonized
IL10−/− mice subjected to 5 days with piroxicam as shown by distal
colon weight (37.5 ± 7 vs 37.7 ± 11.1mg/cm in piroxicam vs piroxicam
colonized with V. parvula, respectively; p>0.05; n =8–10/group).

Host-related omics show only a moderate relationship with
future relapse
Sampling mucosal biopsies allowed for simultaneous multi-omics of
microbial and human cells from the same sites, which potentially can

reveal host–microbe interactions. Host transcriptomics data from the
same biopsies was first examined using principal component analysis
(PCA), which highlighted modest, albeit significant, shifts in gene
expression along the 6th and 9th PCs associated with future relapse
(pooled samples, Wilcoxon test p <0.05, Supplementary Fig. 3A).
While differences did not remain significant along PC6 once we split
samples by biopsy site (Supplementary Fig. 3B), we observed a sig-
nificant difference for R samples along PC9 (Wilcoxon test p <0.05).
The only other variable associated with both PC6 and PC9 was patient
gender(Wilcoxon p <0.05; Supplementary Fig. 4). While PC1 values
were not significantly associated with future relapse, they were
strongly associated with sampling site, with TI samples being the
furthest away from all other sites (Supplementary Fig. 3C, D, Wilcoxon
test p <0.05). Therewere also significant differences between TI and R
samples alongPC2, betweenRandACsamples alongPC3, andbetween
all biopsy locations along PC4 (Supplementary Fig. 3D).

Differential expression analysis was conducted on 21,477 genes,
accounting for gender in the DESeq design. Out of the 21,477 analysed
genes, only MTND1P23 was differentially expressed when considering
all samples together, with this gene found to be upregulated in
patients who relapsed (LFC= 1.45, q <0.05). Once we compared sam-
ples from individual biopsy sites, more genes were identified as dif-
ferentially expressed, presumably due to the removal of intra-site
differences from the signal. Here, 35 differentially expressed genes
(DEGs)were identified between relapse and remission inTI samples, 10
in AC samples, 7 in DC samples (Supplementary Fig. 3E), and 1 in R
samples (CYP3A4; p <0.05).

PCA of qq-normalized betamethylation values showed significant
shifts along PC3, associated with patient status (pooled samples, Wil-
coxon test p < 0.05, Supplementary Fig. 5A; AC and TI samples, and
Supplementary Fig. 5B), age, BMI (p < 0.05 for Spearman’s correlation
coefficient, Supplementary Fig. 5C), and sex (Wilcoxon test, Supple-
mentary Fig. 5D). Both PC1 and PC3 were depicted in Supplementary
Fig. 5E, F.

After filtering out failed, non-specific, and SNP-adjacent probes,
we tested 709,163 CpG probes, and found 233 probes differentially
methylated after FDR correction, whereof 34 were within promoter
binding sites (Supplementary Data 4). As complex diseases often are
associated with subtle methylation changes across regions (for
example, promoters36), we used Gene Set Enrichment-based analysis
to detect small differences that were consistent across the same
region37, resulting in 1561 genes differentially methylated at promoter
binding sites (Supplementary Data 5).

As DNA methylation inherently controls gene expression, we
investigated these associations and found that expression of 445 genes
was significantly associated with methylation at promoter sites
(Supplementary Data 6). Out of those 445 genes, 9 were differentially
expressed between relapse and remission (pooled analysis, nominal
p-value < 0.05) and differentially methylated at promoter binding sites
(Supplementary Fig. 6A). Among these were HAVRC2 (a.k.a. TIM338)
and ICAM139 which have been implicated in UC pathogenesis, and
GAPT40 and KLHL641 known to be crucial in the life cycle of B-cells
(Supplementary Fig. 6B).

Future relapse contributes to microbiome variance
As UC is a complex, heterogeneous, and multi-factorial disease, we
next investigated how collected clinical variables (sex, age, antibiotics
usage, and remission/relapse at diagnosis and at 6months) contribute
to explaining variance in omics data. We used distance-based redun-
dancy analysis (dbRDA) followed by PCA42. In the PCA (Fig. 4A), the
axes are constrained by linear combinations of exploratory variables
and totally account for 16% of microbiota variance across 8 variables:
PUCAI at diagnosis (2.6%), sex, BMI and relapse status (1.1% each), age,
feedingmode, birthmode and antibiotic intake (<1%). The constrained
axes for transcriptomics accounted for 43% of variance (Fig. 4B), with
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Fig. 2 | Heatmap of ASV abundance, normalized by patient. Clusters, presented
in the PCA below, were identified with the dynamicTreeCut R package. Clusters
with PUCAI at baseline, Chao1, Shannon, and age values significantly higher than
the cohort average are indicated with red bars, while those with significantly lower

values have blue bars. Indicator ASVs for clusters 2 and 8 (associated with relapse
and remission at 6 months) are marked with lines on the heatmap. Bar plots
underneath the heatmap indicate the relative abundance at the family level. All
tests were two-sided, with no multiple testing correction.
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Fig. 3 | V. parvula induces pro-inflammatory response in epithelial cells and in
IL10KOmice. A HT29 and B–D HCT116 Dual reporter cells cocultured with con-
ditioned media of V. parvula (V. parv) and V. dispar (V. disp) and BHI-growth
medium in the presence of IBD-drugs Tofacitinib (TOFA), methylprednisolone
(MP), and Sulfasalazine (Sulfa), showing IL-8 secretion (A,D) and activation ofNFkB
(C) and IRF (D) pathways. Each dot represents an independent experiment.
E–H IL10-/- mice were colonized with V. parvula and V. dispar, and body weight,

caecum, and colon weight were measured, and levels of colon mKC. Each dot
represents one IL10-/- mouse. ANOVA (one-way, two-sided) *p <0.05 followed by
post-hoc analysis. Numbers in groups:A (n = 2–4 individual experiments),B (n = 2-6
individual experiments), C (n = 2–7 individual experiments), D (n = 2-4 individual
experiments), E (n = 3–7 mice/group), F (n = 2–7 mice/group), G (n = 3–9 mice/
group), and H (n = 3–7 mice/group). Error bands—95% mean confidence interval.
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biopsy site contribution of 37% and remaining variables for less than
1%. The epigenomics-constrained axes also accounted for 37% var-
iance, and biopsy site, age, and relapse status at 1% each (adjusted
p <0.1, Fig. 4C).

Procrustes analysis of pairwise omics combinations showed sig-
nificant associations between transcriptomics and the twoother omics
types (PERMANOVA p = 0.001), and between epigenome and micro-
biome (p =0.01, Fig. 4D, F). Principal components associated with
relapse (above) were significantly correlated with each other for
microbiome and transcriptome (PC3 and PC9, respectively), and
transcriptome and epigenome (PC3 and PC9, respectively, Fig. 4G, H).

The interferon gamma signalling pathway is overrepresented in
the rectal transcriptome that is associated with relapse-linked
bacteria
To identify specific host–microbiota interactions that may con-
tribute to relapse, we conducted LASSO regression analysis to
establish sets of transcripts associated with bacteria that were
differentially abundant between future relapse and remission
groups. For the remission group, 88 significantly overrepresented
pathways were identified, containing 173 host genes in total,
which were significantly associated with 7 bacterial ASVs. For the
relapse group, 171 significantly overrepresented pathways were

Fig. 4 | Multi-omic summary. A–C Percentage of variance explained in microbial,
transcriptomic, and epigenomic data, respectively. D–F PCA plots of the first and
second principal components for microbial, transcriptomic, and epigenomic data,
respectively. The significance and degree of association between each of the omics

are indicated in the PCAs. G, H Principal components associated with relapse and
remission and with each other for microbiome and transcriptome (G) and tran-
scriptome and epigenome (H). Significance codes: 0 ‘***’ 0.001 ‘**’0.01 ‘*’ 0.05 ‘.’ 0.1
‘’ 1. All tests were two-sided, with no multiple testing correction.
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present, containing 201 genes significantly associated with 11
ASVs (Supplementary Data 7). Of these, 141 and 58 pathways were
unique to the relapse and remission group, respectively, whereof
33 selected unique pathways were associated with more than 1
ASV (Supplementary Data 7, see Methods section for details). The
most prevalent functional (Reactome) assignments were either
Immune System (Innate, Adaptive, or Cytokine Signalling) or
infection response (15 pathways in total, Supplementary Fig. 7A).
In particular, 4 ASVs were associated with interferon gamma
signalling in the relapse group, whereof 3 ASVs were elevated in
the relapse group: A. rava, V. parvula, and B. thetaiotaomicron
(Supplementary Fig. 7A). In the relapse group, the potentially
orally originating ASVs A. rava and V. parvula were associated
with 68 and 53 transcriptomes, respectively. Specifically, these
included GBP1, an interferon-induced GTPase involved in
response to pathogens43; WWP1, an important regulator in TLR-
mediated inflammation44; CXCL9, an interferon-induced chemo-
kine involved in regulation of immune cell migration45, and
PROK2, a promoter of antimicrobial response46. In V. parvula, we
also observed associations with BCL6, CEBPB, SOCS3, MLKL,
TSC22D3, indicative of sustained type I/II interferon responses,
innate immune transcriptional activation, and epithelial barrier
dysregulation. A. rava, on the other hand, was associated with a
distinct Th1-skewed transcriptional program (IL12RB2, STAT1, and
GBP4) and oxidative and neuroimmune genes such as SOD2,
GABRR2, and GRIN3A. Finally, the UC-implicated gene ICAM1,
which we found to be under differential epigenetic regulation
between relapse and remission groups (see previous section), was
also associated with four ASVs (A. rava, V. parvula, B.

thetaiotaomicron, and P. excrementihominis), with the first three
ASVs being relapse-related (Supplementary Data 8 and Fig. 5).

All associations related to the immune system and infection
response were present only in the relapse group, with the exception of
R. lactatiformans and F. prausnitzii, associated with transcripts from
the Interferon alpha/beta signalling pathway present for the remission
group. On the other hand, associations unique to the remission group
were mostly connected to normal metabolic functions.

Given the large contribution of sampling site to host tran-
scriptome variation, subsequent GSEA47 functional analysis was con-
ducted on pooled results, as well as separately for each biopsy type.
While noneof the 1463Reactomepathwayswere significantly enriched
for DC differential expression (corrected p-value at 0.05), two path-
ways were significantly enriched for AC (Platelet sensitization by LDL
and Response to metal ions), three for TI (Cytoprotection by HMOX1,
Haem signalling and Response to metal ions), and one was significant
for R (Aflatoxin activation and detoxification), and four narrowly mis-
sed statistical significance, including two interferon signalling path-
ways—gamma and alpha/beta (corrected p-value at 0.059,
Supplementary Fig. 7B). For interferon signalling, 6 transcripts asso-
ciated with bacteria abundance (ICAM1, GBP1, XAF1, GBP4, HLA-C, and
STAT1) were also part of the core enrichment. Finally, pooled samples
analysis revealed one significantly enriched pathway (response to
metal ions).

Multi-omics integration with ML shows prognostic potential of
host epigenetic and microbiome data
While single omics analysis showed associations with relapse, we fur-
ther explored their combined relapse-predictive power by integrating

Fig. 5 | Overview of disrupted host–microbiome interactions in relapsing paediatric patients. The interactions were inferred from correlations between microbial
abundances and host transcript expression using LASSO regression models. Created in BioRender. Mac Sharry https://BioRender.com/bki9rom.
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available datasets using ML by employing the powerful ML algorithm
eXtreme Gradient Boosting (XGBoost), which has already shown pro-
mise in many areas of omics research14,48–50. We also assessed the
inclusion of some patient characteristics in the models, specifically
patient age, mode of feeding (breast or bottle), and mode of delivery
(vaginal or C-section).

To avoid issues with missing data, we initially only trained ML
models on the 100-biopsy intersection for which all data types were
available (32R, 30 AC, 30 TI, 8 DC). Models were trained on pooled
samples from all biopsy sites, as well as on data from individual biopsy
sites, except DC,which had too few samples.Models were subjected to
a nested cross-validation (CV) performance assessment routine where
an ensemble of 10 XGBoostmodels was used tomake predictions (see
“Methods”).

As a baseline model, we also initially trained an ensemble of
XGBoost models using only a patient's PUCAI score from baseline. We
found that for each scenario considered, this model achieved either
close to or worse than random performance (AUC range =0.27–0.48,
Supplementary Data 9 and 10). This, however, is not unexpected as we
already showed no significant difference in baseline PUCAI between
relapse and remission groups.

When using our multi-omics approach, we observed strong
relapse-predictive capability from a model trained using both micro-
biome and epigenome features from pooled biopsy sites (AUC=0.77,
95% CI: 0.68–0.86, Fig. 6A, B and Supplementary Data 9). Comparable
performance was also seen when data was split by biopsy site (Fig. 6C
and Supplementary Data 10), with a model trained on host tran-
scriptome features from TI samples achieving the highest AUC
(AUC=0.80; 95% CI: 0.63–0.96; Fig. 6E). Additionally, good predictive
performance was observed for models trained on AC (microbiome+
patient characteristics; AUC=0.74; 95% CI: 0.55–0.92) and R samples
(epigenome +patient characteristics; AUC=0.71; 95% CI: 0.53–0.89;
Fig. 6C) when predicting relapse in these samples.

Given the complexity of these datasets, we wanted to further
assess the stability and generalizability of ourmodels by comparing the
test set performance with that of the validation set, which is generally
considered a good indicator of how a model will perform on potential
external datasets. If a large gap exists between test and validation, it
could indicate model instability. We estimated the validation perfor-
mance by using predictions from the inner CV loop for those models
outlined in Fig. 6. We observed onlymoderate differences between test
and validation performance for models trained on pooled samples
from all biopsy sites (Supplementary Fig. 8A). The highest test AUC
achieved in this case was 0.77 and this model had a validation AUC of
0.88 (difference =0.11). For these models, we found that the model
with the highest test performance was also among those with the top
validation performance and among those with the smallest difference
between metrics, highlighting its potential stability. For individual site
models, we again often saw the smallest differences between test and
validation performances in those models with the top test AUC (Sup-
plementary Fig. 8B). However, for some individual site models, we
observed larger differences in performance between test and validation
sets. For example, a model trained on epigenome features from TI
samples and patient characteristics had a test AUC of 0.73 and a vali-
dation set AUC of 0.96 (Difference =0.23; Supplementary Fig. 8B).
Similarly, an R site model trained on epigenome and patient features,
and an AC sitemodel trained on host genotype, epigenome and patient
features, had differences in performance of 0.3 and 0.27, respectively
(Supplementary Fig. 8B). This could indicate that thesemodelsmay not
generalize as well to unseen data and may be less stable than other
models highlighted in our analysis.

We also conducted an error analysis to see if potential model
errors were linked to specific patient features. For the pooled site
model with the highest performance (AUC=0.77), we observed that
more remission patients were correctly classified than relapse patients

(Fisher’s exact test p = 0.008; Supplementary Fig. 8C). This model also
had a significantly different misclassification rate for mild (PUCAI
score: 10–34) or moderate (PUCAI score: 35–64) UC at baseline com-
pared to severe (PUCAI ≥ 65, classified according to51) UC and a dif-
ferent rate of misclassification based on mode of feeding (Fisher’s
exact test p <0.05; Supplementary Fig. 8C). These differences could
indicate that our model may be influenced by these patient-related
features and highlights potential limitations in terms of the model’s
generalizability. The error analysis of models based on individual
biopsy sites did not show any such differences in misclassification
rates based on the available metadata features.

Up to this point,models had been trained on samples forwhich all
data types were available in order to identify those data combinations
that best predict relapse, using a consistent underlying sample set.
However, as many of the top-performing models used only features
from some and not all data types, additional samples were available on
which we could further assess model performance. For this part of the
analysis, we focused on the top three performing data combinations
for each scenario previously considered (pooled, R, AC, and TI). The
number of additional samples available for these data combinations
are presented in Supplementary Data 11.

In this part of the analysis, we repeated our nested CV perfor-
mance assessment routine using all available samples for the top three
data combinations, to gain additional insight into their potential per-
formance and stability (Supplementary Fig. 9 and Supplementary
Data 11). This analysis was conducted for both the pooled sample and
individual biopsy site models. For most pooled sample models, we
observed little to no difference in performance between those trained
on the full dataset and those trained on the initial subset (Supple-
mentary Fig. 9A). Similar trends were observed for the top three
models trained on R biopsy site samples with only the model trained
on microbiome and patient features showing larger differences in
performance (Full AUC=0.562 (n = 42); Original AUC=0.68 (n = 32);
Supplementary Fig. 9B). However, for models trained on AC and TI
samples, lower performance was generally observed for models
trained on the full dataset compared to the initial training set (Sup-
plementary Fig. 9C, D). In the case of AC models, we observed a
reduction in AUC ranging from 0.12 to 0.26 for the previously top 3
performing models (Supplementary Fig. 8C). Similarly, in the case of
the previously top performing model trained on host transcriptomic
features from TI samples, we observed a reduction in performance of
0.21 (Supplementary Fig. 9D). However, for models trained using
microbiome and epigenome or epigenome and patient features from
TI samples, we observed only a reduction in AUC of 0.07 and 0.05,
respectively.

Overall, omics data like the host epigenome and gut microbiome
were found to be most predictive of relapse, with the stability and
performance of models often improved by pooling samples from all
biopsy sites together. We also found that many models could be
improved by the inclusion of patient characteristics such as age, mode
of feeding, and mode of birth.

Discussion
With the advancement of high-throughput sequencing and culture-
independentmicrobial methods, multi-omic approaches to biomarker
discovery and therapeutic outcome prediction have received increas-
ing attention. This approach seems particularly warranted for UC, as
abnormal interactions betweenhost andmicrobiomearepostulated to
considerably contribute to disease development10. Addressing this
challenge in a treatment-naïve paediatric UC cohort has the added
advantage of targeting more recent pathophysiology while avoiding
confounders caused by years of medication. We have shown that this
approach may offer the opportunity to tailor the initial treatment of
children at diagnosis according to the likelihood of future relapse.
Most multi-omic approaches have focused on outcome prediction
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after biologic therapy (reviewed in ref. 52), until the PROTECT study15,
where Ruminococcaceae and F. prausnitzii from rectal biopsies were
associatedwith corticosteroid-free remission at 52weeks in treatment-
naïve paediatric patients with UC. In our study, based on absolute
microbial abundances, we similarly found R. obeum, R. torques, and F.
prausnitzii underrepresented in the mucosal microbiome of patients
relapsing within 6 months. In particular, F. prausnitzii has displayed
anti-inflammatory properties by upregulating anti-inflammatory

cytokines53, and we found both this species54 and R. obeum55 to be
depleted in themicrobiome of patients with UC. On the other hand, R.
torques is a known mucin degrader previously implicated in the
pathogenesis of IBD56. This indicates that while certain bacteria might
contribute toUCdevelopment, their presencemight also contribute to
treatment susceptibility.

Amajor group of bacteria linked to future relapse in our studywas
orally associated and included V. parvula, Fusobacterium genus, and A.

Fig. 6 | ML analysis to predict relapse 6 months after diagnosis. A Upset plot of
the top five performing models based on the AUC metric when training an
ensemble of XGBoost models on samples pooled from all biopsy locations. Dot-
plots underneath highlight the data types used to train this model. Presented are
only thosemodelswhere the addition of a data type increasedmodel performance.
B Top 15 important features for the top-performingmodel in (A). Bars are coloured

by the data type to which the feature belongs: ‘Microbiome’ (pink) and ‘Host Epi-
genome (Beta): Gene Bodies’ (blue). C Top fivemodels for predicting relapse when
samples were split by biopsy site. All AUC values shown in this figure are based on
the outer loop of our nested CV framework, which was used to assess model per-
formance. Patient characteristics: age inmonths, breast or bottle fed, andmode of
birth (vaginal or C-section).
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rava. While clustering is inherently sensitive to distances andmethods
used, other oral bacteria, A. segnis and V. dispar, were also indicator
species in the relapse-related cluster 2, further strengthening this
observation. Ectopic gut colonization by oral microbiota has been
implicated in various gastrointestinal diseases (reviewed in ref. 57).
Normally, the resident gut species would prevent colonization, but in
UC, bacterial diversity is depleted13, opening new niches for potential
colonizers from the upper gastrointestinal tract. In our study, the
relapse group was characterized by lowered species richness, which
has previously been reported for non-responders to steroid therapy58.
While the exact mechanisms of oral bacteria's pathogenicity in the
humangut remain largelyunknown,manyof them (e.g.,Veillonella and
Aggregatibacter) producepro-inflammatoryH2S

57. Inversely, paediatric
patients who remained in corticosteroid-free remission after 52 weeks
were depleted of oral cavity microbiota15. This suggests that reducing
oral colonizers from the gut could potentially be key to successfully
maintaining remission.

Out of the bacteria characteristic of the oral cavity, two V. parvula
ASVswere overrepresented in the relapse group, whileV. disparwas an
indicator species for relapse-related bacteria cluster 2. Mice mono-
colonized with bacteria from this genus were characterized with
repressed production of IL-2259, a cytokine involved in immune reg-
ulation and inflammatory responses in UC60. In particular, V. parvula
colonizes the gut through inflammation, by switching metabolism to
nitrate respiration (utilizing the narGHJI operon)61. Schirmer and col-
leagues also found it tometabolize immuno-suppressants62. Hence, we
further investigated two Veillonella species (V. dispar, V. parvula) for
their translational properties, and found that V. parvula induced
inflammation in IL10−/− mice and their conditioned media induced
epithelial cell IL-8 secretion and NFκB activation. These findings are in
line with previous studies on a moderate secretion of IL-8, IL-1β, IL-10,
and TNF-α by dendritic cells co-cultured with V. parvula63 and on
V. parvula-LPS-induced inflammation in macrophages via TLR4 and in
impairing colonic barrier function64. In contrast, V. dispar did not
provoke major inflammation in epithelial cells or mice. While both
V. parvula and V. dispar are commonmembers of the oral microbiota,
emerging evidence indicates that V. parvula may have a more pro-
nounced role in mucosal inflammation, particularly in chronic airway
disease65 and IBD61,64. As observed in our cell line and murine models,
the inflammatory nature of V. parvula is evident. This may be due to
differences in cell membrane composition, adhesions, metabolic
byproducts, or interactions with host pattern recognition receptors.
Indeed, V. parvula and V. dispar inhabit differing niches in the oral
cavity, gingival plaque, or saliva66 and display distinct genomic dif-
ferences. Further comparative studies are needed to delineate the
species-specific contributions to disease pathogenesis. Inflammation
induced by DSS (dextran sulfate sodium) was reported to promote the
engraftment or expansion of V. parvula61. However, when using
genetically modified mice, IL10−/−, we were not able to validate this
finding. This could bedue to the stimuli used to promote inflammation
in the two studies (NSAID vs DSS) or the low degree of basal inflam-
mation in our IL10−/− colony. When we examined whether IBD drugs
could reduce Veillonella-induced responses, only sulfasalazine was
able to reduce IL-8 and NFκB activation on epithelial cells, while a
steroid and a JAK inhibitor did not. These results extend other findings
on V. parvula affecting thiopurine metabolization, indicating this
bacterium may be relevant for treatment failure in patients with IBD.

In contrast to the gut microbiome, the host epigenome and
transcriptome had a weaker relation with sustained remission. Only
233 CpG probes were found to be differentially methylated between
relapse and remission groups. A much larger number of genes (1561)
were differentially methylated at promoter sites. Patient status at
6 months did not significantly contribute to variance explanation in
transcriptomicsor epigenomics butwas instead associatedwith lower-
order principal components,which is in linewith the PROTECT cohort,

where only 33 differential genes were associated with relapse at
52 weeks25. Interestingly, three of these genes (C4BPA, CA1, and AQP8)
were also differentially expressed between relapse and remission in TI
samples in our study. Those genes, as well as another differentially
expressed gene in TI from our study, CA2, are members of the corti-
costeroid response gene signature, identified as a corticosteroid
response predictor in the PROTECT cohort and further validated in
adult UC patients67. Others have identified co-expressed gene mod-
ules, associated with treatment outcomes, but provided no further
characteristics68. Taken together, our transcriptomics results implied a
weak signal associated with patient status and mainly related to genes
associated with bacteria–host interaction. This was further corrobo-
rated by procrustes analysis, where microbiome composition and
transcriptome were significantly correlated with each other, as well as
PC correlation analysis, where PCs associated with relapse in micro-
biome and transcriptome were also significantly correlated.

Further analysis pinpointing specific host–microbiota interac-
tions showed that transcripts for interferon gamma signalling were
associated with the abundance of four bacterial ASVs, either up (3) or
down (1) in relapse patients. Early mouse studies have suggested that
interferon gammapresence is crucial to the development of IBD69, and
it has been speculated that overproduction of interferon gamma is a
result of abnormal immune response to commensal bacteria, which
leads to disruption of both epithelial70,71 and vascular72,73 barrier in the
intestines. On the other hand, the exact impact of interferon gamma
could also be dependent on the host’s genetic makeup74 and be less
pronounced in UC, compared to Crohn’s disease75. In our study, the
relapsing patients’ rectal transcriptome is also enriched in transcripts
associated with interferon gamma signalling, suggesting at least a role
in treatment response, even if not pathogenesis. One of the proposed
mechanisms of glucocorticoid (GC) immunosuppressive action is
through inhibition of Janus kinase-STAT signalling activation by
interferon gamma76. Therefore, increased expression of transcripts
from this signalling pathway (possibly driven by the presence of the
aforementioned four bacterial ASVs in the gut) might lead to ham-
pering of this process and higher the chances of relapse on steroid
treatment. Another interferon-related signalling pathway, involving
interferons alpha and beta, was enriched among transcripts sig-
nificantly associated with F. prausnitzii and R. lactatiformans in the
remission group. Variants of interferon beta were previously proposed
as a treatment for UC, but the results were inconclusive77,78. Both
interferons were found to be protective against colitis in animal
studies79,80 and were also crucial in the healing of colitis-induced
mucosal damage80. F. prausnitzii and R. lactatiformans were over-
represented in patients within the remission group, and it is therefore
plausible that they contribute to sustained remission via interferon
alpha and beta modulation.

V. parvula and A. rava, typically considered members of the oral
microbiota, were detected at increased abundance in inflamed
intestinal biopsy specimens from relapsing patients, supporting prior
studies that have highlighted microbial translocation or ectopic colo-
nisation as hallmarks of IBD-associated dysbiosis. Importantly, their
presence correlated with divergent host transcriptional responses,
with shared activation of interferon-regulated genes and epithelial
stress markers. V. parvula was associated with expression of BCL6,
CEBPB, SOCS3, GBP1, ICAM1,MLKL, TSC22D3, andWWP1, indicative of
sustained type I/II interferon responses, innate immune transcriptional
activation, and epithelial barrier dysregulation. The elevated expres-
sion of SOCS381 and TSC22D382 further suggests that compensatory
anti-inflammatory pathways are engaged but may be insufficient to
resolve inflammation in the context of persistent microbial and
immune stimulation. Notably, MLKL upregulation points to activation
of necroptosis, a programmed form of inflammatory cell death that
has been implicated in epithelial damage and disease relapse in IBD
(reviewed in ref. 83). Conversely, the presence of A. rava was
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associated with a distinct Th1-skewed transcriptional program,
including IL12RB2, STAT1, GBP1, GBP4, CXCL9, and oxidative and
neuroimmune genes such as SOD2, PROK2, GABRR2, and GRIN3A.
These findings align with enhanced IFN-γ signalling, increased T cell
chemotaxis84, and mitochondrial stress67,85—features previously asso-
ciated with disease severity and relapse risk in paediatric IBD. The
involvementof neuronal signalling genes also raises thepossibility that
A. ravamay contribute to neuromodulatory processes such as visceral
hypersensitivity and gut–brain axis dysfunction. Despite their taxo-
nomic and functional differences, both microbial taxa appear to con-
verge on a shared interferon-γ–driven immune axis, with GBP1
regulation serving as a key node of overlap. These results support a
model in which microbial dysbiosis in paediatric IBD relapse fosters
chronic mucosal immune activation, stress signalling, and impaired
epithelial repair. Further, they highlight the potential for microbiota-
derived immune signatures to serve as biomarkers of relapse-prone
disease states and as mechanistic targets for therapeutic intervention.

To our knowledge, most studies of relapse in paediatric UC only
gathered clinical or biochemical data at baseline, which proved to
possess little to no predictive power21. These included severity mea-
sured by PUCAI at baseline, which, as in our study, had no predictive
value, necessitating investigation of alternative measures. The PRO-
TECT study did use multi-omic features, but only to a limited extent,
whereby antimicrobial peptide signatures and log-transformed rela-
tive abundances of Ruminococcaceae and Sutterellawere added to the
clinical model (haemoglobin concentrations and remission at week 4),
improving AUC from 0.68 to 0.7525. A follow-up study showed that
including IL13RA2 gene expression in the model for the same cohort
could eliminate the need to observe remission at 4 weeks86, achieving
an AUC of 0.7.

Our study is unique in that we assessed the predictive ability of all
possible combinations of four omics datasets generated from biopsies
across four intestinal locations. Furthermore, we analysed the absolute,
instead of the relative microbial abundance, which makes validating
potential findings more relevant and generalisable. We observed the
best performance when combining microbiome and host epigenome
data frompooled sites, withmanymodels improved by the inclusion of
patient characteristics. This overall performance was based on baseline
sampling only and still achieved higher AUCs than previous studies.
Ruminococcus obeum was among the most important features for
models incorporating microbiome data, along with previously UC-
associated F. prausnitzii15,54, Bifidobacterium bifidum87,88, and Gemmiger
formicilis14. These results are in contrast to those obtained in the adult
UC cohort89, where no differences at baseline were found between
responders and non-responders to corticosteroid treatment. On the
other hand, the authors have spotted some trends similar to ours, such
as “oralisation” of gut microbiome for non-responders. Intriguingly,
oral bacteria such as V. parvula were also found to be associated with
poor response to biologics therapy in adults90,91.

Many of our top epigenome-based models also incorporated
methylation of gene body regions, whereas most DNA methylation
studies target the promoter regions due to the well-established effect
on gene expression92. As a result, gene body methylation is often
overlooked despite its significant, albeit less understood, role in the
regulation of gene expression92–94. Among the most important gene
body regions in our models were FDPSP2, LINC01525, miRNA-448, and
LINC00588, which slightly improved performance over the PROTECT
study. We further expanded on the traditional ML analysis by evalu-
ating the model stability and conducting crucial error analysis. As a
result, we identified several subgroupsof patients forwhompredicting
future relapse status was more challenging. Future studies should
focus on such groups of patients so that we can improve the accuracy
of these relapse predictions.

Although our ML approach shows promise in terms of predicting
future relapse status, there were some limitations to our study. While

we had a rather large number of samples in our study, not all omics
types were available for all samples, requiring intersectional sub-
sampling. We therefore applied a nested CVmethodology tomake the
most of the traditional training, validation, and test splits used in ML,
as unfortunately, no suitable external dataset currently exists to vali-
date our findings. Additionally, to maximize our sample size, many of
our top-performing models were trained on samples pooled from all
biopsy locations, thus, multiple samples from the same patient were
included in the training data. As a result, while these models were
trained on a rather large number of samples, the number of subjects
included in the training data remains limited. While the PROTECT
study25 had a similar cohort and data types, it assessed relapse at
52 weeks after diagnosis, too far off from our 26-week end-point. Also,
the 16S rRNA amplicons used a different primer set and sequencing
approach, which was not weighted to absolute abundances. While our
findings will hopefully be validated on new subjects with closer
methodological alignment in the future, we were still able to conduct
several ML checkpoints during our analysis (test vs validation perfor-
mance, error analysis, model testing on additional samples from our
cohort). This allowed us to assess the stability and robustness of our
models while also highlighting some potential limitations of our
models, somethingwhich is not always done in this type ofMLanalysis.

To conclude, we have demonstrated that a multi-omic ML model
has the potential to predict patient outcome, despite comparatively
weak signals from single-omic datasets. We also found an association
between the pro-inflammatory oral bacteria V. parvula found in the
ileo-colonic mucosa and treatment failure in paediatric UC, which
warrants further investigations in multi-centre studies. Given the
involvement of V. parvula and A. rava in both intestinal and oral
environments, the oral microbiota may represent a practical, non-
invasive window into gut immune status in paediatric IBD. Long-
itudinal assessment of oral mucosal inflammation and dysbiosis using
oral swab-based 16S rRNA/Shotgun sequencing, qPCR panels, or sali-
vary cytokine profiling could complement stool or biopsy-derived
microbial data.

Methods
All research in this article was conducted following relevant ethical
guidelines. The London - City Road & Hampstead Research Ethics
Committee granted approval (reference 15/LO/2127) to collect
research biopsies, including genetic material, at Barts Health NHS
Trust, Whitechapel, London. The protocol was approved by the
Digestive Diseases Bioresource Committee at Queen Mary University
of London and Barts Health NHS Trust. Written informed consent was
provided by all patients and their parents.

All animal studies were approved by the Animal Experimentation
Ethics Committee (AEEC; application no. #2023/008), University Col-
lege Cork, and by the Health Products Regulatory Authority (HPRA,
project no. AE19130/P196).

Patient characteristics, sample storage, and inclusion criteria
Patients were children aged 2–16 years who were admitted for colo-
noscopy to diagnose UC. Children suspected of having UC under 2
years were not included to reduce the possibility of recruiting children
withmonogenic inflammatory bowel disease (IBD), who were later not
found to have UC. Parents gave written consent for additional biopsies
to be collected during endoscopy. Biopsies at diagnosis were imme-
diately immersed in cryovials containing 1mL RNAlaterTM; they were
stored at−70 °C in theDigestiveDiseases Bioresource, which is a tissue
bank registered with the UK Human Tissue Authority (HTA) under
Barts Health NHS Trust and Queen Mary University of London.
Research ethics committee approval (reference 15/LO/2127) had been
granted to collect researchbiopsies, includinggeneticmaterial. Frozen
samples were transferred to University College Cork using approved
carriers in accordance with HTA regulations. Children were managed
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according to the ESPGHAN-ECCO guidelines19,95, and no changes were
made in their management because they were part of the study, other
than taking consent for research samples at endoscopy.

As is normally seen inpaediatric practice, colitiswasextensive and
severe in all examined patients, who were given steroids. All patients
had pancolitis., whereof six patients also had inflammation extending
to TI. No further biopsies were taken after treatment, as it is not a
standard practice to perform a second endoscopy in children to
directly assess mucosal healing95.

Children were treated according to ECCO/ESPGHAN guidelines
with aminosalicylates and corticosteroids to achieve remission. Chil-
dren on corticosteroids were prescribed omeprazole concurrently to
avoid gastritis. Some children with mild disease, did not require cor-
ticosteroids and were successfully treated with aminosalicylates only.
Children who did not receive corticosteroids were excluded from the
study. Children who failed to enter remission on corticosteroids were
also excluded. Corticosteroids were tapered to zero within 3 months
according to the guidelines95. After corticosteroid therapy com-
mencement, 73% children achieved initial remission within 1 month.

All children who entered the study, therefore, achieved remission
within 6months. Childrenweredeemed to have remained in remission
if, after 6 months, they required no further corticosteroids (which
equates to a paediatric UC score (PUCAI) of less than 10. Childrenwere
deemed to have relapsed if they required a new course of corticos-
teroids (with a PUCAI of greater than 10). Themedian relapse time was
at 2months (maximum—5months). The primary endpoint of the study
was, therefore, whether they were either in remission or had relapsed
by 6 months after starting corticosteroids for the first time.

Of the 74patients recruited into the study, 9wereexcludeddue to
a lack of confirmed UC diagnosis. Furthermore, 7 patients were
excluded due to a lackof corticosteroid treatment, and 2 patients were
excluded for not achieving remission after initial corticosteroid
treatment. Microbiome analysis was conducted for 48 patients (159
biopsy samples), epigenome for 55 (168 samples), and transcriptome
for 53 (173 samples). The total numberof patients in all analyseswas 56.
Further cohort characteristics are presented in Table 1 in the Results
section. In the full cohort, there were no statistically significant dif-
ferences between the relapse and remission groups (Welch’s two-
sample t-test and Fisher’s exact test for quantitative and qualitative
variables, respectively).

Sample processing, sequencing, and array preparation
Biopsy processing and nucleic acid extraction followed protocols
described inRyan et al.14. Briefly, biopsies in RNA-laterwere completely
defrosted before performing DNA/RNA purification using the AllPrep
DNA/RNA Mini kit (Qiagen, Valencia, CA, USA). They were then
extracted from theRNA-later andmoved into a tubewith 350 µL of RLT
buffer with β-mercaptoethanol (Sigma-Aldrich, St Louis, MO, USA),
three 3.5mmglass beads, and 0.25mL of 0.1mmglass beads (Biospec,
Bartlesville, OK, USA). Disruption and homogenization were per-
formed in a MagNA Lyser (Roche, Penzberg, Germany) twice for 15S at
6500 rpm, followed by DNA/RNA purification following the kit manu-
facturer’s instructions. Purified genomic DNA was finally eluted in
100 µL of EB buffer, while RNAwas eluted in 60 µL of RNase-free water.

Library preparation of 16S hypervariable region V3-V4 amplicons
was also performed according to methods described in Ryan et al.14,
whereby PCR amplification of the V3-V4 hypervariable region of the
16S rRNA gene was conducted for aliquots of 200ng of extracted DNA
in a total volume of 30 µL. The primers (forward TCGTCGGCAGCGT-
CAGATGTGTATAAGAGACAGCCTACGGGNGGCWGCAG; reverse GTC
TCGTGGGCTCGGAGATGTGTATAAGAGACAGGACTACHVGGGTATCT
AATCC) had Illumina adaptors with overhang nucleotide sequences
added to the gene-specific sequences96 and were used at a con-
centration of 0.2 µM. PCR amplification with the Phusion High-Fidelity
DNApolymerase (ThermoScientific,Waltham,MA,US)was conducted

on a 2720 Thermal Cycler (Applied Biosystems, Foster City, CA, USA)
under the following conditions: 98 °C for 30 s, proceeded by 30 cycles
of 98 °C for 10 s, 55 °C for 15 s, 72 °C for 20 s and a final cycle of 72 °C
for 5min. The presence of the amplified 16S rRNA gene band was
verified in agarose gels. Post-PCR products were purified using Agen-
court AMPure XP magnetic beads (Beckman-Coulter, Brea, CA, USA)
andeluted in 50 µLof EBBuffer (Qiagen, Venlo, TheNetherlands). After
purification, 5 µL of DNA was amplified in a second PCR using Nextera
XT Index primer (Illumina, San Diego, CA, USA). This PCR was run at
98 °C for 30 s, followedby8 cycles of 98 °C for 10 s, 55 °C for 15 s, 72 °C
for 20 s, and a final cycle of 72 °C for 5min. A second purification step
with Agencourt AMPure XP magnetic beads was carried out after the
Nextera PCR. The 16S V3-V4 rRNA gene amplicons containing the
Nextera indexes were finally eluted in 25 µL of EB Buffer, and DNA
concentrations were measured using the Qubit HS dsDNA assay kit
(Thermo Scientific). Pooled libraries were created by adding 50ng of
each sample. Finally, diluted samples of the libraries were sent for
sequencing at Teagasc Food Research Centre on an IlluminaMiSeq for
2 × 300bp reads. DNA extractions were used for qPCR assays as well,
which consisted of a 16S rDNA qPCR in a SYBR-green assay, using a
LightCycler480 (Roche) with 16S primers reactions and chemistry97,
normalized by 16S rDNA qPCR bacterial load estimates based on a
calibration curve of 10-fold diluted S. aureus cultures as described in
Patel et al.

Host RNA library preparation and sequencing were con-
ducted as previously described14, where RNA samples were first
treated with DNase to remove any DNA traces employing the
Turbo DNA-free kit (Ambion, Austin, TX, US) following the man-
ufacturer’s instructions. To determine RNA integrity, 1 µL of each
RNA sample, obtained after DNase treatment, was loaded on RNA
6000 Nano Chip (Agilent Technologies, Santa Clara, CA, USA)
according to the manufacturer’s protocol. RNA integrity number
(RIN), rRNA ratio, and concentration were measured by micro-
fluidic capillary electrophoresis in a 2100 Bioanalyzer system
(Agilent Technologies). Quality was considered acceptable if RIN
was ≥6 and rRNA ratio ≥ 1.5. The sequencing was conducted with 2
providers: Edinburgh Genomics and Source Bioscience. At Edin-
burgh Genomics, samples were normalized to 1 ug of Total RNA in
50ul. Libraries were prepared using TruSeq stranded mRNA
(Illumina) Enrichment and cDNA Synthesis on the Biomek FX
(Beckman), with 10 PCR cycles. Post library clean-up was done on
Biomek NX, and quality control of these cleaned libraries was
done using the HSD1000 tapestation reagents (Agilent) with the
samples diluted 1:5. Completed libraries were then normalized to
5 nM and quantified using Quant-iT dsDNA HS Assay Kit (Life
Technologies, Carlsbad, CA, USA). Samples were pooled equi-
molar (based on Quant-iT plate reader values) and the resulting
pool quantified by qPCR (KAPA Library Quantification Kit—Uni-
versal, Roche) before loading on NovaSeq at 100 paired-end
reads. At Source Bioscience, the libraries were prepared using
the Illumina TruSeq® Stranded mRNA Library Prep according to
the manufacturer’s protocol. During this process, the libraries
were indexed using IDT for Illumina—TruSeq RNA UD Indexes.
The prepared libraries were quantified via a fluorometric method
involving a Promega QuantiFluor dsDNA assay; and qualified
using electrophoretic separation on the Agilent TapeStation
4200. They were sequenced on the NovaSeq6000 platform using
an S4 Flow-Cell with v1.5 chemistry to generate 150 paired-
end reads.

The genotyping using microarrays was conducted according to
the protocol as previously described14. Prior to genotyping, DNA ali-
quots were sent on dry ice to Macrogen (Seoul, South Korea) to be
assayed on an Infinium ImmunoArray-24 v2 BeadChip. Intact genomic
DNA was diluted to 50ng/µL based on concentrations measured using
Quant-iT Picogreen. All samples were hybridized on the microarray
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according to the manufacturer’s instructions. Briefly, whole genome
amplification (×1000) was carried out on 200ng of DNA. Subse-
quently, the products were fragmented, precipitated, and resus-
pended in a formamide-containing hybridization buffer. Next, samples
were denatured at 95 °C for 20min, and then placed in humidified
containers for a minimum of 16 h at 48 °C, allowing SNP loci to
hybridize to the 50mer capture probes. Following hybridization, the
BeadChip/Te-Flow chamber assembly was placed on the temperature-
controlled Tecan Flowthrough Rack, where subsequent washing,
extension, and staining stepswere performed. After staining, the slides
werewashedwith a low salt washbuffer, immediately coated, and then
imaged on the Illumina iScan Reader. Image intensities were extracted
using Illumina’s GenomeStudio software.

In contrast to the Illumina 450k14, we here applied the larger
Illumina MethylationEPIC array. The Illumina Infinium Methylatio-
nEPIC array BeadChip (850K) was carried out by the Epigenomic
Services from Diagenode (Cat no. G02090000, Seraing (Ougrée),
Belgium). The DNA was deaminated with the EZ-96 DNA Methylation
Kit (Zymo Research) according to Illumina’s recommended deamina-
tion protocol. Bisulfite conversion was then controlled by qPCR. One
assay targeting a methylated region of DNAJC15 and two assays tar-
geting the GNAS locus (one assay for the unmethylated allele and one
assay for the methylated allele) were used for quality control. Deami-
natedDNAderived frombloodwasamplified in parallel and served as a
positive control. A sample passed the quality control when the
received CT-value, either for the two GNAS loci or the DNAJC15 locus,
reached the threshold not later than 5 cycles compared to the positive
control.

Statistics and reproducibility
Our study followed an observational and cross-sectional study design
(1 time-point). No statistical method was used to predetermine sample
size, consecutive paediatric patients diagnosedwithUCwere recruited
into the study instead. Patients were excluded from the study due to
predefined exclusion criteria, described in the “Patient characteristics”
section of the methods. No data were excluded due to low quality. As
this was not an experimental study, the patients were not randomized.
In mouse experiments, before the start of the experiment, mice were
randomised to the different groups based on their age at the start of
the experiment.

Microbiota sequencing and analysis
Quality of readswasexaminedusing fastqc98 version0.11.8. Removal of
Illumina sequencing adaptors was conducted with trimmomatic99

version 0.39, leaving only sequences longer than 50 bases after trim-
ming. Cutadapt100 version 4.2was used to removeprimers. Subsequent
analysis steps were conducted with DADA2101 R package version 1.22.
The sequences were right-side trimmed at 15 bases, with maximum
expected errors set at 2 and 3 for forward and reverse sequences,
respectively. The composition of the samples was inferred with the
dada function, and long ASVs (amplicon sequence variants) were cre-
ated by merging paired-end reads. Only ASVs between 390 and 460
bases longwerekept for further analysis. Contaminant sequenceswere
identified with decontam102 R package, using blank samples and
negative extraction controls. Chimeric sequences were removed with
the removeBimeraDenovo function. ASV taxonomic classification up
to genus level was conducted with mothur103 version 1.44, using the
SILVA database104 version 138. SPINGO105 version 1.3 was used for
species-level classification. Species were assigned only for sequences
classified at least to genus level by mothur. RDP database dispatched
with SPINGO was used, unless only SILVA gave a non-ambiguous
assignment. In case of genus-level discrepancies between databases,
blast results from the NSBI 16S rRNA database were used. Counts,
normalized by 16S rRNA gene copy numbers, were obtained with
PICRUSt2106. Relative abundances were computed and used to better

approximate absolute abundances from 16S qPCR results (CFUs/mL).
Shannon and Chao1 diversity indices were computed with the iNEXT10

R package version 3.0.0. Bray–Curtis distance measure was computed
with the vegan package version 2.6107.

Mann-Whitney U test (for pooled data) and mixed-effects models
were used to determine differences in indices. Negative binomial zero-
inflated mixed-effects model from NBZIMM108 package version 1.0 was
used to compute differential ASVs abundances. Status at sixmonths was
used as a fixed effect, while patient identifier was used as a random
effect. dbRDA was used to determine the full percentage of variance
explained by environmental variables, while the percentage of variance
attributable to specific variables was determined by a procedure
described in a tutorial for the VpThemAll package version 0.0.0.9000109.
Variation partition tests were performed for each variable in the meta-
data, using the test.varpart.wrap function. p-values were adjusted for
multiple testing, using the Benjamini–Hochberg prcedure110. Only the
unique (corrected for other variables in the test set) portion of variance
explained was taken into account for this procedure. Feedingmode was
coded as a three-level variable for this purpose: breastfeeding, mixed
breast and bottle feeding, and bottle feeding.

Patient microbial samples were clustered using Bray–Curtis
distance and Ward’s clustering criterion. Cluster assignments were
performedwith the cutreeDynamic111 dynamic function, using default
parameters except for minimum cluster size, which was set to 10.
Differences between cluster and overall proportions for quantitative
variables were tested with one-sample chi-squared tests. Differences
between cluster and overall means for qualitative variables were
tested with one-sample t-tests. In order to avoid bias, each patient’s
observation was counted only once per cluster, even if they had
multiple samples within a cluster. Indicator families and ASVs for
each cluster were identified with the multipatt function112 using
correlation-based indices and accounting for a differing number of
samples within each cluster.

Epigenome analysis
Raw signal data was preprocessed by the preprocessRaw function
from minfi113 package version 1.44. Probes near SNPs were removed
with the dropLociWithSnps function, while the getBeta function was
used to calculate the beta values. Failed probes were identified with
the detection function and subsequently removed. Non-specific
probeswere removed according to a previously described strategy114,
with previously generated datasets115,116. The BMIQ117 procedure,
implemented in watermelon115 package version 2.4, was utilized to
remove the bias from the type-2 probes. Batch effects were removed
with ComBat118 functionality from the sva package version 3.46, using
the Sentrix ID variable as batch and the model matrix with patient
status, gender, age, and sampling site. Quantile normalisation using
the qqnorm function from base R was used before conducting
principal components analysis with the prcomp function. Associa-
tion of principal components with patient status was assessed with
Mann–Whitney U-tests.

Differentially methylated sites were identified with linear mixed-
effects models from lmerTest119 R package version 3.1. Overall methyla-
tion across promoter sites of known genes was assessed with mCSEAT-
est from mCSEA37 package version 1.18, using the t-test statistic from a
linear mixed-effects model as an enrichment measure (formula �
status + sex +age+ Sentrix ID + Sentrix Position+ Sample Group+
ð1jpersonÞ ). Correlations with expression values were computed with
mCSEAIntegrate from the same package (only negative correlation
results are reported).

Transcriptome analysis
Raw host RNA-Seq reads were first quality checked using FastQC
v0.11.998 and MultiQC v1.14. Adaptors and low-quality reads were
removed using Trimmomatic v0.3999 with the following parameters:
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SLIDINGWINDOW:5:25 MINLEN:80. The quality-filtered reads were
aligned to the human reference genome (GRCh38) using Hisat2
v2.2.1120. A count table was then generated using featureCounts
v2.0.1121.

As sequencing was conducted in multiple batches, batch correc-
tion was applied to the count table using Combat_seq v3.50.0122. PCA
was used to assess if the batch effect had been mitigated following
batch correction. Once batch-corrected, genes were filtered to con-
sider only those present in at least 50%of samples. PCAwas performed
using the prcomp function applied to the filtered and variance-
stabilized transformed counts, produced by DESeq2 v1.44.0123. A Wil-
coxon test was used to identify PCs significantly associated with
relapse status. Differential expression analysis was also conducted
using the R package DESeq2. Any patient features associated with
relapse-associated PCs were included in the DESeq design. To identify
DEGs, we used a Wald test and considered the remission group as the
reference level. All reportedp-valueswere adjusted formultiple testing
using the Benjamini–Hochberg correction, and only those genes with
an adjusted p-value < 0.05 were considered differentially expressed.

Analysis of associations between bacteria and host
transcriptome
A lasso penalized regression approach, based on code provided
by Priya et al.124, was implemented to identify significant asso-
ciations between bacterial abundance and human transcripts. For
this analysis, transcript counts (after batch correction, see Tran-
scriptome analysis section) were filtered and normalized using
DaMiR.normalization function from DaMiRseq125 package version
2.14, using a minimum threshold for transcript counts of 10, with
70% of samples meeting the threshold requirement. The mini-
mum coefficient of variation considered was 5. The normalisation
function used was vst (variance stabilising transformation). Bac-
terial abundances (calculated as detailed in the Microbiota
sequencing and analysis section) were log10-transformed (adding
a pseudocount of 1 to replace zeroes). The analysis was con-
ducted separately for relapse and remission groups. p-values,
determining the significance of each association, were then cor-
rected on a single gene basis, taking into account only ASVs,
differentially expressed between relapse and remission. Func-
tional analysis was conducted separately for each set of tran-
scripts associated with a single ASV, using the MSigDb C2
collection database (https://www.gsea-msigdb.org/gsea/msigdb/
collection_details.jsp#C2) as a reference for human pathways.
Fisher’s exact test was a statistical method used, with a set of all
tested genes as a background. To reduce the number of over-
lapping pathways, function cluster_strings from clustringr126 R
package version 1.0 was applied to lists of genes present in
pathways, with a maximum distance set to 5. This analysis was
complemented by functional analysis of human transcripts
altered between relapse and remission. Given the large con-
tribution of sampling sites to host transcriptome variation, this
analysis was conducted on pooled results, as well as separately
for each biopsy type. Since modest numbers of transcripts were
found to be differentially expressed, Gene set enrichment analy-
sis (GSEA) was used instead of Fisher’s exact test. This method,
which informs of pathways overrepresented towards the top or
the bottom of the ranked gene list, was implemented in the
reactomePA package version 1.4.2. The following metric was used
to rank genes:

Score= log2FoldChange× ð�log10pvalueÞ

This resulted in genes overexpressed in the future relapse group
being near the top of the list and those overexpressed in the future
remission group being placed closer to the bottom.

Bacteria growth
Both Veillonella species, V. dispar (DSM 20735) and V. parvula (DSM
2008), were purchased from the Leibniz Institute, DSMZ-German
Collection of Microorganisms and Cell Cultures. V. parvula (DSM
2008) strain was originally isolated from the intestinal tract, while
V. dispar (DSM 20735) originated in the human mouth. The bacterial
strains were cultured anaerobically in brain heart infusion (BHI) med-
ium supplemented with 1% Lactose and 0.05% L-Cysteine hydro-
chloride (Merck, Darmstadt, Germany). To collect the conditioned
medium, each bacteriumwas grown to stationary phase, as previously
described127, followed by collection of the conditioned medium, cen-
trifugation at maximum speed (3220 rpm), filter sterilization with
0.22 µm filters (Fisher Scientific, UK), and aliquoting and storing at
−80 °C until further analysis.

Cell lines and co-culture
The human colorectal epithelial cell lines, HT29 (American Type Cul-
ture Collection, ATCC) and HCT116-Dual™ cells (reporter cell line for
NF-κB and& IRF pathways, Invivogen, Toulouse, France) were cultured
in McCoy’s 5A and DMEM medium (Merck), respectively. Cells were
seeded (2 × 105 cells/mL) in 96-well plates, cultured with full medium
supplemented with 10% foetal bovine serum for 24 h, followed by
culture in serum-free medium overnight, and the addition of the dif-
ferent stimuli as described below.

For co-culture experiments in HT29 and HCT116-Dual™ Cells, a
1:10 dilution of the Veillonella conditioned media was added for 24 h,
with the cell supernatants and collected for further analysis.

For co-culture experiments and IBD drugs, HT29 and HCT116-
Dual™ Cells were pre-treated for 1 h with the IBD drugs, Tofacitinib
(10μM, Merck), Methylprednisolone (10mM, Merck), or Sulfasalazine
(500 µg/mL, TOCRIS), followed by a further 24 h co-culture with Veil-
lonella conditioned media. The positive controls recombinant-IL-1β
(Preprotech/ThermoFisher) and Poly(dA:dT)/LyoVecTM (Invivogen)
were used for the reporter HCT116 Dual cells. In all experiments,
untreated and BHI broth (dilution 1:10) were used as negative controls.
At the end of the experiment, cell supernatants were collected for
further analysis. For the HCT116 Dual Cells, the addition of Quantiblu
reagent, absorbance at 630nm, revealed NFκB activation, while the
addition of Quantiluc reagent revealed IRF-activation, as per the
manufacturer’s instructions. Epithelial cell secretion of IL-8, CXCL10,
CCL20, and IL-1β was quantified on collected supernatants by ELISA
(DuoSets, Biotechne,Minneapolis,MN, USA), and the CyQUANT™ LDH
Cytotoxicity Assay Kit (Invitrogen, Waltham, MA, USA) was used to
measure cell viability, following the manufacturer’s instructions,
respectively.

Mouse strain colonization
IL10−/− mice (B6.129P2-Il10tm1Cgn/J) were acquired from Charles
River Laboratories, UK, and bred at the Bioscience Service Unit (BSU)-
Annex at University College Cork. Mice were housed in individually
ventilated cages (IVCs, OptiMICE), in a controlled environment
(20–22 °C, 12 h light:dark cycle) and given food (2018 Teklad Global
18% Protein Rodent Diets (2018S, Envigo, UK) and water ad libitum.

The experimental design for this study followed a recently pub-
lished protocol from our group, in which IL10–/– mice received strep-
tomycin (5 g/L) for 24 h prior to oral gavage with the IBD-associated
pathobiont adherent-invasive Escherichia coli (AIEC)35. Microbiota
analysis three days post-antibiotic treatment revealed a composition
similar to that observed at the end of the study, i.e., 17 days later,
indicating rapid microbial recovery and limited long-term depletion.
Thus, in this study, the PBS control group—receiving no bacterial
gavage—was not considered to be heavily microbiota-depleted at the
time of analysis. IL10−/− mice (males, weight over 25 g, age 8–18 weeks)
were given streptomycin (5 g/L) in drinking water ad libitum for 24 h at
day −4, followed by oral gavage with V. dispar and V. parvula solution
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(108–109 CFU/mL) starting from day -3 for three consecutive days35.
Fromday0 onwards,micewere gavagedwith bacterial solutions every
seconddayuntil day 13.Mice gavagedwith PBS at the same time-points
as the Veillonella spp, served as negative control. Due to technical
issues, twomice had to beexcluded from this group, resulting in a final
sample size of n = 3. However, consistent with prior studies from our
laboratory using an identical experimental design, colon weights
measured in PBS-treated IL10–/– mice from two independent cohorts35

closely matched the values observed in the current study. These con-
sistent findings support the reliability of our data despite the reduced
sample size in the PBS group. In a second experiment, pre-colonized
V. parvula IL10−/− mice were fed 100ppm piroxicam for 5 days and
euthanized at day635. Faeceswere collectedondays 1, 4, 9, and 13post-
start of Veillonella spp gavage, plated on VeillonellaAgar Basemedium
(HiMedia M416128) supplemented with Vancomycin (7.5μg/mL), and
colonies counted at 72–96 h in an anaerobic chamber at 37 °C. Levels
of colonization were comparable between groups inoculated with the
two Veillonella strains; however, low-level colonization by Veillonella
spp. was also detected in the PBS control group. This likely reflects the
use of Veillonella Agar Base medium (HiMedia M416128), which sup-
ports the growth of Veillonella species broadly and does not dis-
criminate between strains. At the end of the studies, tissue (colon,
caecum, and spleen), blood, faeces, and caecal content were collected.
Colon length and weights of the colon, caecum, and spleen were
measured. Animals were monitored daily for body weight, stool con-
sistency, fur texture, rectal prolapse, and posture as previously
reported in ref. 35. Colon tissue samples were homogenized and
examined for mKC (IL-8 homologue) expression by ELISA as
reported35.

ML analysis
ML analysis was conducted to identify combinations of data types that
best predict relapse 6 months after entering remission using baseline
data. In this analysis, the three omics types outlined earlier (gut
microbiome, host transcriptomics, and host epigenetics) were con-
sidered along with host genotype data, a dataset for which we did not
have sufficient power to analyse on its own (i.e., GWAS). We also
examined the effect of including certain patient characteristics in our
training data, specifically, patient age (in months), mode of feeding
(breast or bottle fed), andmode of delivery (c-section or vaginal birth).
Models were trained using individual omics types, as well as multi-
omics combinations, which were combined using a simple con-
catenation approach. To identify those combinations with the best
performance,we initially trainedmodelsusing only those sampleswith
full coverage across all omics types (n = 100), as this ensured con-
sistency in the underlying training samples and avoided the difficulty
of handling large quantities of missing data.

Genotype data, used in the analysis, were processed with the
following quality control steps: (1) removal of variants with missing
genotype calls. (2) Removal of variants in which MAF (minor allele
frequency) is smaller than 0.02, (3) removal of variants which are in
linkage disequilibrium (r2 > 0.2), and (4) removal of variants in viola-
tion of Hardy-Weinberg equilibrium (p-value < 10E-6). All the steps
were executed using plink version 1.9129.

To reduce the dimensionality and complexity of individual omics
types, several feature selection steps were performed. Microbial taxa
were considered if present in more than 10% of samples. Host RNASeq
features with low abundance (<0.01%) and low prevalence (<10%) were
removed. A centred log-ratio transformation was also applied to the
RNASeq dataset prior to ML analysis to account for the compositional
nature of the data. SNPs from the host genotype dataset were also
removed if the most common allele was present in more than 80% of
patients. Given the large number of CpG sites generated by the host
methylation arrays, we merged individual sites into methylated
regions using the mCSEAdata package v1.22.037. We considered both

promoter and gene body regions, and CpG sites were determined
to be in a region using the annotation R packages: IlluminaHu-
manMethylation450kanno.ilmn12.hg19 and IlluminaHumanMethyla-
tionEPICanno.ilm10b2.hg19. See Martorell-Marugán et al.37 for further
details on the definition of promoter and gene body regions. For both
datasets, we used the mean methylation value across CpG sites to
represent the methylation of that region and trained models using
both beta values and M-values to assess any potential differences in
performance. Following this initial preprocessing, a total of 280
microbial features, 11,302 gene expression features, 34,946 genotype
features, 22,247 methylated gene body features, and 24,994 methyla-
tion promoter regions were considered when samples were pooled
from each biopsy site. Feature sets for individual biopsy sites following
initial preprocessing after provided in Supplementary Data 12.

Given the limited sample size and lack of an external validation
set, we conducted a nested cross-validation performance assessment
routine. The outer loop consisted of a Leave-One-Out (LOO) CV, and
the held-out sample was used to assess the performance only and for
no other purpose. In the case where more than one sample existed for
a particular subject, the additional samples were also excluded from
the training data. During the internal model development stage,
additional feature selection steps were applied to the training data to
further reduce the dimensionality of the datasets and remove poten-
tially redundant features. First, we removed any features with near-
zero variance. Then, a Mann–Whitney U-test (numeric features) or a
Chi-Square test (categorical features) was used to identify any poten-
tially informative features with respect to our outcome of interest.
When a model was being trained on pooled samples (all biopsy sites
together), these tests were performed for each site independently.
Those features found to be statistically significant (p <0.05) were
selected to be included in the training dataset.

Our ML analysis was conducted using the decision tree-based
boosting algorithm XGBoost130. The inner loop of our nested CV was
used to tune model hyperparameters, where we performed a rando-
mized search based on a 5-fold CV (or Grouped 5-fold CV for pooled
samples). In our analysis, we tuned the following hyperparameters:
max_depth, colsample_bytree, subsample, and reg_alpha. Once optimal
hyperparameters were selected, we created an ensemble of 10
XGBoost models by splitting the training data into 10 folds. Nine folds
were used to train each model, and the remaining fold was used as a
model checkpoint and for early stopping (early_stopping_rounds = 20).
That is, if performance on the held-out fold did not improve after 20
rounds, training was stopped, and the model was saved. Such early
stopping helps prevent the model from overfitting to the training
data131. This procedure was repeated for each combination of folds.
Once the 10 models were trained, the average prediction for the held-
out test sample was stored and used to assess the performance of our
approach.

For all models, we assessed performance using the area under the
ROC curve (AUC) metric. Performance was evaluated for the held-out
test set, and the validation set performance was also estimated using
predictions from the inner loop of our nested CV process. By com-
paring the test and validation performance, it was possible to assess
the stability and generalizability of our approach. Furthermore, we
extracted feature importance values from models to assess which
features were playing the biggest role in the model predictions. These
importance values were averaged across each iteration of the CV and
were normalized by the number of times it was found to have non-zero
importance in the ensemble. All ML analysis was conducted using the
following Python packages: xgboost v1.7.6, pandas v2.0.3, scikit-learn
v1.3.0, numpy v1.25.0, and scipy v1.11.1.

Once the top-performing models were identified, error analysis
was conducted to assess whether the errorsmade by themodel related
to specificmetadata features. To do this, we first calculated the optimal
classification threshold using the geometric-mean (G-mean) approach.
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The G-mean is defined as the square root of the product of sensitivity
(TPR—true positive rate) and specificity (TNR—true negative rate).

G�mean=
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

Sensitivity× Specif icity
p

The threshold for classification is selected such that the G-mean
value is maximized. As a result, this threshold represents the best
trade-off between sensitivity and specificity, ensuring balanced per-
formance for both classes. Once the optimal threshold was selected, a
Fisher’s exact test was used to compare the proportion of mis-
classifications between variousmetadata features. Finally, as our initial
analysis was conducted using only those samples with complete data
across all four omics, additional sampleswere available formany of the
top-performing data combinations. Additional samples, from patients
not previously included in the ML analysis, were incorporated into the
ML pipeline to further evaluate the performance. This involved
repeating our nested CV performance assessment routine (described
previously), but this time using samples with complete data plus any
additional samples available for the data combination under con-
sideration. We repeated the same intermediate steps in terms of fea-
ture selection, hyperparameter tuning, and model training, as before,
and evaluated the performance using the AUC metric. This was repe-
ated for the top 3 pooled sample models and the top 3 models from
each biopsy site.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
16S rRNA sequencing data are available in the Sequence Read Archive
(SRA, https://www.ncbi.nlm.nih.gov/sra) under accession number
PRJNA1181771. Due to privacy restrictions, host-related data (RNASeq
and epigenetic data) are available from the corresponding author for
non-commercial purposes.

Code availability
Code used to generate results in this publication is available at https://
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