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ABSTRACT

Objective Inflammatory bowel disease (IBD) is a
multifactorial immune-mediated inflammatory disease of
the intestine, comprising Crohn’s disease and ulcerative
colitis. By characterising metabolites in faeces, combined
with faecal metagenomics, host genetics and clinical
characteristics, we aimed to unravel metabolic alterations
in IBD.

Design We measured 1684 different faecal metabolites
and 8 short-chain and branched-chain fatty acids

in stool samples of 424 patients with IBD and 255
non-IBD controls. Regression analyses were used

to compare concentrations of metabolites between
cases and controls and determine the relationship
between metabolites and each participant’s lifestyle,
clinical characteristics and gut microbiota composition.
Moreover, genome-wide association analysis was
conducted on faecal metabolite levels.

Results We identified over 300 molecules that were
differentially abundant in the faeces of patients with
IBD. The ratio between a sphingolipid and L-urobilin
could discriminate between IBD and non-I1BD samples
(AUC=0.85). We found changes in the bile acid pool

in patients with dysbiotic microbial communities and

a strong association between faecal metabolome

and gut microbiota. For example, the abundance

of Ruminococcus gnavus was positively associated

with tryptamine levels. In addition, we found 158
associations between metabolites and dietary patterns,
and polymorphisms near NAT2 strongly associated with
coffee metabolism.

Conclusion In this large-scale analysis, we identified
alterations in the metabolome of patients with IBD that
are independent of commonly overlooked confounders
such as diet and surgical history. Considering the
influence of the microbiome on faecal metabolites, our
results pave the way for future interventions targeting
intestinal inflammation.
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INTRODUCTION

Characterisation of the host-microbiota symbi-
osis is crucial in the context of intestinal disor-
ders such as inflammatory bowel disease (IBD) in
which the gut environment is severely perturbed,
yet the disease-causing mechanisms are still
largely unknown. IBD is a chronic inflammatory
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WHAT IS ALREADY KNOWN ON THIS TOPIC

= The gut microbiome is increasingly recognised
as a metabolic organ that affects host health.

= Accumulating evidence suggests that gut
microbiota-derived metabolites are critical
mediators between microbiota and immune
response.

= While dysbiosis in gut communities has been
extensively explored in inflammatory bowel
disease (IBD), unravelling the mechanisms
behind host—microbiota interactions remains
complex and requires insights into the
metabolic activity in the gut.

WHAT THIS STUDY ADDS

= Gut metabolism in patients with IBD is
characterised by lower levels of molecules derived
from saccharolytic fermentation and increased
metabolites from proteolytic fermentation.

= Gut microbiota composition is the main
determinant of faecal metabolite content,
as compared with host lifestyle, genetic and
clinical phenotypes.

= In the gut of patients with IBD, the expansion
of pathobionts co-occurs with an increased
concentration of sphingolipids, ethanolamine
and primary bile acids.

= Intestinal resections have a long-lasting effect
on intestinal bile acid and lipid metabolism.

HOW THIS STUDY MIGHT AFFECT RESEARCH,
PRACTICE OR POLICY

= Future studies investigating host metabolism
should account for microbial composition and
history of intestinal surgeries.

= The faecal metabolome offers new avenues
for identifying biomarkers for IBD and other
immune-mediated inflammatory diseases.

= Understanding the gut microbiota’s
contribution to human metabolism in health
and diseases is essential for designing future

dietary interventions.

disorder of the gastrointestinal tract that consists
of two main subtypes: ulcerative colitis (UC) and
Crohn’s disease (CD).! % In IBD, periods of active

1472 E

Vich Vila A, et al. Gut 2023;72:1472-1485. doi:10.1136/gutjnl-2022-328048

BM)


http://www.bsg.org.uk/
http://gut.bmj.com/
http://orcid.org/0000-0003-4691-5583
http://orcid.org/0000-0002-1190-0325
http://orcid.org/0000-0002-3503-9971
http://orcid.org/0000-0003-3743-1544
http://orcid.org/0000-0002-1862-6699
http://orcid.org/0000-0001-6036-0831
http://orcid.org/0000-0002-4574-0841
http://orcid.org/0000-0003-2119-0539
http://orcid.org/0000-0001-5578-1236
http://orcid.org/0000-0001-7928-7371
http://dx.doi.org/10.1136/gutjnl-2022-328048
http://dx.doi.org/10.1136/gutjnl-2022-328048
http://crossmark.crossref.org/dialog/?doi=10.1136/gutjnl-2022-328048&domain=pdf&date_stamp=2023-07-05

Inflammatory bowel disease

disease are characterised by loss of strictly anaerobic bacteria,
blooming of facultative anaerobes and alterations in the chem-
ical environment in the gut.® For example, reductions of gut
barrier-protecting short-chain fatty acids (SCFA) and alterations
in bile acids, sphingolipids and tryptophan-derived metabo-
lites have been consistently reported in faeces of patients with
IBD.*° However, a large number of molecules in the human
body remain uncharacterised, and thus their implications for
human health remain unknown. Considering that a subset of
small molecules, including microbiome-derived metabolites,
have been shown to regulate the immune response, it is crucial
to characterise these metabolites and understand which factors
determine their concentrations in the gut.

Recent technological advances in mass spectrometry tech-
niques have enabled high-throughput characterisation and
quantification of a wide range of known and chemically unan-
notated molecules.® In this context, the characterisation of faecal
metabolites holds great potential for discovering non-invasive
biomarkers and therapeutic targets. To date, however, studies
performing untargeted metabolomics on the faeces of patients
with IBD have been scarce, limited in sample size and lacking
in-depth information on host genetics, lifestyle, diet and clinical
characteristics.*”

In this study, we aimed to determine alterations in the gut
metabolism of patients with IBD to pinpoint factors influencing
faecal metabolite levels. Our findings highlight the potential of
faecal metabolites as biomarkers for IBD and show that, despite
the influence of lifestyle, genetics and disease, faecal microbes
are a strong predictor of the levels and composition of metabo-
lites in the gut.

METHODS

Cohort and metadata description

Samples were obtained from two established cohorts: LifeLines,®
a population biobank from the north of the Netherlands, and
1000IBD,’ a cohort of patients with IBD from the University
Medical Centre of Groningen. In this study, we included 255
non-IBD controls, 238 patients with CD and 174 patients with
UC. Sample collection and storage are described in online supple-
mental methods and cohort characteristics are summarised in
online supplemental table 1 and table 1."° !

Metabolite quantification

Metabolomics measurements performed by Metabolon (North
Carolina, USA) detected 1684 faecal metabolites (online supple-
mental table 2). The concentrations of eight short-chain and
branched-chain fatty acids were measured using liquid chroma-
tography with tandem mass spectrometry (online supplemental

table 3).

Metabolic data processing

Metabolomic data were handled as a compositional dataset
and transformed using centered log-ratios. Metabolites were
split into three categories based on their prevalence. The first
group consisted of metabolites present in more than 70% of the
samples in both the cases and controls (x=854). Missing values
were imputed using k-Nearest Neighbour Imputation.'* We set
the number of nearest neighbours to 10 (k=10) for the impu-
tation and Euclidean distance as a metric. The second group of
metabolites (prevalence <70%and >20%, x=514) were trans-
formed into binary traits (metabolite presence/absence). Rare
metabolites (prevalence <20%, x=316) were excluded from
analyses.

Table 1  Cohort description
Phenotypes Control IBD P value
255 424

Age (mean (SD)) 46.83(12.08)  42.61(14.69)  <0.001
Body mass index (mean (SD)) 25.17 (3.84) 25.44 (5.02) 0.462
Sex=male (%) 114 (44.7) 170 (40.1) 0.272
Diagnosis (%)

(@) NA 238 (56.1)

1BDU NA 12 (2.8)

uc NA 174 (41.0)
Disease location (%)

Both NA 97 (22.8)

Colon NA 228 (53.7)

lleum NA 69 (16.2)
Disease acitvity (%)

Active NA 107 (25.2)

Not active NA 311 (73.3)
Estimated bowel movement a day 1.33 (0.66) 2.73(2.37) <0.001
(mean (SD))
Smoker=yes (%) 38(14.9) 87 (20.5) 0.084
Faecal calprotectin >200 = yes (%) 8(3.2) 168 (45.0) <0.001
Montreal B (%)

B1 NA 129 (54.2)

B2 NA 76 (31.9)

B3 NA 28 (11.7)
Montreal B perianal (%)

No NA 326 (76.8)

Yes NA 68 (16.0)
Montreal S (%)

S0 NA 7 (4.0)

S1 NA 56 (32.1)

S2 NA 69 (39.6)

S3 NA 27 (15.5)
Montreal A (%)

Al NA 54 (12.7)

A2 NA 245 (57.7)

A3 NA 85 (20.0)
Montreal L (%)

L1 NA 63 (14.8)

L2 NA 203 (47.8)

L3 NA 94 (22.1)

L4 NA 21 (4.9)
Montreal E (%)

E1 NA 21 (12.0)

E2 NA 57 (32.7)

E3 NA 80 (45.9)
Microbiome Shannon Index (mean 3.05(0.33) 2.89(0.41) <0.001

(SD)

CD, Crohn'’s disease; IBD, inflammatory bowel disease; IBDU, inflammatory bowel
disease unclassified ; NA, not available; UC, ulcerative colitis.

Identification of metabolites associated with IBD

We performed linear regression analysis using the /m function
in R. The abundance of each metabolite was compared between
disease groups (IBD/CD/UC) and controls. Technical factors
(storage time, input grams of faeces and sample batch), host
characteristics (age, sex, body mass index (BMI) and bowel
movements per day), intestinal integrity (any resection: yes/no)
and 24 dietary patterns that were significantly different between
cases and controls were included as covariates in the regression
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models (online supplemental table 4). Less prevalent metabo-
lites (prevalence <70%and >20% of samples) were evaluated
using logistic regressions. All p values were adjusted for multiple
testing using Benjamini-Hochberg. A false discovery rate (FDR)
<0.05 was used as the threshold for statistical significance.

Prediction of IBD based on metabolomics profiles

We used CoDaCoRe™ (V.0.0.1) to identify ratios of metabolites
and bacterial abundances that could predict IBD and its subphe-
notypes (see online supplemental methods).

Association between metabolites and phenotypes

An association analysis between phenotypes and metabolites
was performed within each cohort (controls, CD and UC).
Each phenotype-metabolite combination was tested using linear
regression, including age, sex, BMI, bowel movements per day
and technical factors as covariates.

The results of the metabolite-phenotype analyses were
combined in a meta-analysis using random-effects models
implemented in R package meta (V.4.8). Results were consid-
ered statistically significant when the meta-FDR<0.05 (online
supplemental methods).

Genome-wide association analysis on faecal metabolites
Exome sequencing and genomic array data were available for
both cohorts (see online supplemental methods). Linear regres-
sion was used for metabolites present in >70% of the samples
and logistic regression for those present in between 70% and 20%
of the samples. Analyses were performed per cohort, and results
were combined in a meta-analysis, as previously described.* In
addition to accounting for the confounders described above (see
the Identification of metabolites associated with IBD section),
we included population genetic structure as a covariate in the
analysis. To determine the statistical significance of our find-
ings, we adopted two thresholds: a genome-wide significance
(p<5¢™®), and a more conservative cut-off, a study-wide signif-
icance (p<2.97¢™'"). The study-wide significance threshold was
determined by dividing the genome-wide threshold by the total
number of metabolites (5.0e7%%/1684).

Co-occurrence patterns between bacteria and metabolites
The QIIME" implementation of mmvec V.1.0.6'° was used to
estimate the co-occurrence probabilities between highly prev-
alent metabolites and bacteria. Furthermore, we assessed the
associations between individual microbiome features (taxa, gene
clusters and metabolic pathways) and metabolites using regres-
sion models considering the interaction between bacteria and
dysbiosis (online supplemental methods).

Differential abundance analyses of faecal microbiome
features

Linear regression analysis was used to identify microbiome
features that differed between controls and IBD. Age, sex, BMI,
average bowel movements per day, history of intestinal resections
(yes/no) and raw sequencing read depth were included as covari-
ates in the regression models (online supplemental methods).

Association between dysbiosis and faecal metabolites

Phenotypic differences between patients with dysbiotic and eubi-
otic microbiota were established using y* or Wilcoxon-rank test
for categorical and continuous variables, respectively. Differ-
ences in the abundance of faecal metabolites between the two
groups of patients were tested using linear regression. Age, sex,

BMI, intestinal resection (yes/no), ileocecal valve in situ (yes/no),
average bowel movements per day and differences in 12 dietary
patterns (online supplemental table 5) were added as covariates
in the regression models.

Metabolite-level prediction

To predict the levels of metabolites in faeces, we performed
regression models with L1 regularisation (lasso) using the glmnet
R package'” (see online supplemental methods).

RESULTS

Patients with IBD have a distinct faecal metabolite profile
Metabolites were assessed in the faecal samples from 238
patients with CD, 174 patients with UC and 255 non-IBD
controls (table 1). On average, 1011 metabolites were detected
per sample, ranging from 784 to 1241 molecules.

Principal coordinate analysis (PCoA) based on metabolites
levels showed that IBD samples are dispersed across a cluster that
partially overlaps with controls (figure 1A). The first component
of the PCoA captured 18% of the variation and was driven by
the levels of carnitine and bile and fatty acids, while the second
component, representing 8% of cohort variation, was driven by
the abundance of dipeptides and several unclassified metabolites
(online supplemental table 6, figure 1B-D).

Differential abundance analysis revealed 324 associations
when comparing patients with CD to controls and 308 associa-
tions when comparing patients with UC to controls (FDR<0.05)
(online supplemental table 7, online supplemental figure 1A-E).
Moreover, when looking into lower prevalence metabolites, we
found that products of the metabolism of bile acids, ceramides
and steroids were more prevalent in faeces of patients with IBD
than in controls (182 and 119 molecules associated with CD and
UC, respectively, online supplemental table 7).

A prominent signal in both disease groups was the deple-
tion of vitamins and fatty acid-related molecules compared
with controls (figure 1E). Patients with IBD presented higher
levels of the phenolic compound p-cresol sulphate. The level of
indole-propionic acid was decreased in UC, while tryptamine
and kynurenine were increased in both CD and UC (FDR<0.05,
online supplemental figure 1D). Patients with IBD also showed
higher levels of arachidonic acid (20:4n6) and a lower ratio
of omega-6/omega-3 fatty acids (online supplemental table 8,
online supplemental figure 1E).

We also found that 106 metabolites were differentially abun-
dant between CD and UC. For example, patients with UC
presented higher levels of diaminopimelate (DAPA), an alpha-
amino acid present in the cell membrane of gram-negative
bacteria. Interestingly, DAPA-containing peptidoglycans can
trigger the immune response mediated by NOD1'™® (online
supplemental figure 1C, online supplemental table 9).

Patients with UC show the lowest concentrations of SCFAs in
faeces

The concentrations of SCFAs are essential for immune
modulation, and their synthesis is dependent on colonic
bacterial fermentation of polysaccharides.'” After correcting
for potential confounding effects, including anthropo-
metric measurements, batch and sample storage time (see
online supplemental methods, online supplemental table
4), acetate, propionate and butyrate were found in lower
concentrations in patients with UC when compared to
controls (FDR,.<0.05). No significant differences in these
metabolites were observed between CD and controls. In
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Faecal metabolite alterations in patients with Crohn’s disease and ulcerative colitis. (A-D). Principal coordinate analyses depicting

the clustering of 255 non-IBD (black), 238 CD (purple
phenylalanylalanine (panel C). Light—dark colour gradient represents low—high metabolite values. Metabolite concentrations are expressed as centred

log-ratio (clr) of the AUC raw values. (E). Metabolite differences between cases and controls grouped into metabolomic pathways. For clarity, only

The first principal component is mainly driven by the levels of cholic acid and suberate (B, D) and the second component by the concentrations of
t-statistic value from the linear regression model (see online supplemental methods). Asterisks indicate significant differences between CD and UC

(FDR<0.05, online supplemental tables 7-9). AUC, area under the curve; CD, Crohn’s disease; FDR, false discovery rate; IBD, inflammatory bowel

categories with three or more metabolites are shown (number of metabolites per categories are indicated on the x-axis). The y-axis represents the
disease; IBDU, inflammatory bowel disease unclassified; UC, ulcerative colitis.
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FDR, false discovery rate; UC, ulcerative colitis.

contrast, levels of hexanoic and valeric acids were signifi-
cantly lower in both groups of patients (online supplemental
figure 2, online supplemental table 7).

Faecal metabolomic profiles correctly classify IBD samples

Given the substantial variations observed in the metabolite
levels between patients with IBD and non-IBD controls, we
investigated the possibility of enhancing the accuracy of the
faecal calprotectin test by combining multiple metabolites.
To identify potential biomarkers, we employed a machine
learning approach to predict disease phenotypes (see online
supplemental methods). Including the ratio between the
sphingolipid lactosyl-N-palmitoyl-sphingosine (d18:1/16:0)
and L-urobilin improved the accuracy of age, sex, BMI and
faecal calprotectin levels as disease predictors (AUC_=0.85,
AUC_ =0.83, p=9.89¢™", figure 2, online supplemental

table 10). In addition, the ratio between these two metab-
olites was higher in patients with a long-term remission
compared with controls (no flare-ups registered 1year
before and after sample collection, n=61, Wilcoxon test,
p=0.0036) although significantly lower when compared
with samples from other individuals with IBD in our cohort
(Wilcoxon test, p=5.05¢, online supplemental figure 3A). A
similar performance was achieved with bacteria abundances
(AUC_=0.86, AUC_ =0.84, p=6.04e"'*, online supple-
mental figure 3B,C). Combining metabolite and microbiome
ratios led to a modest but significant increase in model
performance (AUC_ =0.85, p=4.34 e ). Within patients
with IBD, metabolites showed a limited power to correctly
classify CD or UC samples (AUC_=0.78, AUC  =0.67) and
active disease versus remission (AUC_=0.72, AUC_ =0.60)
(online supplemental table 10).

test
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Intestinal resections are associated with long-term metabolic
alterations

After identifying alterations in the faecal metabolome in individ-
uals with IBD, we aimed to describe which lifestyle, dietary and
clinical factors contributed to the levels of faecal metabolites.
We assessed the association between faecal metabolites and 229
host characteristics, including dietary habits, medication use and
clinical features. We carried out association analysis per condi-
tion (i.e., CD only, UC only and controls only) and combined the
results of overlapping metadata in a meta-analysis.

In patients with CD, resection of the ileocecal valve was
associated with changes in the abundance of 212 metabolites,
including cholic acid and several monoacylglycerols. Colonic
resection was associated with modifications in the levels 56
molecules in CD and 8 molecules in UC (online supplemental
table 11, figure 3 A-C). For example, colonic resection nega-
tively correlated with the faecal levels of pyridoxamine (vitamin
B,).

There were no significant differences in metabolites between
different groups of disease behaviour or disease severity after
statistically adjusting for gut surgery (resected vs non-resected).

However, we did observe several interesting trends (p<0.05,
FDR>0.05, online supplemental table 12). Patients with CD
and penetrating diseases had lower butyrate levels (B1 vs B3).
Disease severity (Montreal S score) positively correlated with
tyramine faecal abundance. In patients with UC, participants
with proctitis (E1 classification) had lower levels of 2R-3R-
hydroxybutyrate and higher levels of cytidine compared with
patients with extensive inflammation in the colon (E3 classifica-
tion) (online supplemental figure 4A,B).

The levels of chromogranin A showed the largest number
of associations with faecal metabolites in non-IBD controls,
including positive associations with N-formylmethionine,
cholesterol and secondary bile acids. Chromogranin A has been
reported as a potential biomarker of gut health, showing a
strong correlation with the microbiota composition in the gut.'
Furthermore, participants with calprotectin >200 pg/g showed
lower levels of cytidine in faeces and increased sphingosines and
ceramides in UC but not CD (figure 3A, online supplemental
table 11).

Furthermore, the detection of several metabolites reflected
aspects of the lifestyle of participants in our cohort. We found
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158 associations between metabolites and dietary patterns
(FDR___<0.05, online supplemental table 11), however, approx-
imately one-third of these were related to the consumption of
coffee (n=57), including positive correlations between coffee
intake and the levels of picolinate and 5-acetylamino-6-amino-
3-methyluracil (AAMU), a major caffeine metabolite (figure 3B)
(FDR,, . <0.05, online supplemental table 11). Cotinine, an
alkaloid found in tobacco plant, was found in faeces of self-
reported smokers (FDR  =1.3 1e™, online supplemental table
13) and O-desmethyltramadol, the primary metabolite of the
opioid tramadol, was detected in several patients with CD using
opioids (FDR=0.009, online supplemental table 13).

To investigate if the observed associations between lifestyle,
clinical factors and faecal metabolites were driven by alter-
ations in the gut microbiota we conducted a mediation analysis.
We observed evidence for 119, 38 and 695 mediated effects
in controls, UC and CD, respectively. Specifically, we found
that Lawsonibacter asaccharolyticus mediated the relationship
between coffee intake and several caffeine derivatives, such as
1,3-dimethylruic acid. In patients with CD, we observed that
the resection of the ileocecal valve resulted in a decline in the
abundance of Faecalibacterium prausnitzii, which negatively
impacted the levels of anti-inflammatory metabolites, including
butyrate (online supplemental table 14, online supplemental
figure 5).

NAT2 genotype strongly associated with coffee metabolism

Next, we carried out a faecal metabolome genome-wide associ-
ation analysis to examine the correlation between host genetics
and levels of faecal metabolites. Overall, genetics showed a rela-
tively small impact on the faecal metabolite levels compared to
the impact of genetics on blood metabolite levels reported in
other studies.”** At a study-wide significance level, we found
an association between a genetic polymorphism located closely
to NAT2 (rs4921913) and AAMU (p = 1.79¢™). This genetic
variant is in linkage disequilibrium with a SNP reported to be
associated with the ratio between 1,3-dimethylurate and AAMU
(rs35246381, r*>0.8).> As expected, we could also replicate
this finding in our cohort (p IBD=8.46e'09 , P Commls=4.17e_09, p
mm=3.57e_13, figure 4). AAMU is a metabolite derived from
coffee, and its levels in faeces correlate with coffee consump-
tion. Nonetheless, this gene-metabolite association remained
significant even after adjusting for coffee intake (p , =2.2¢7'%, p

p IBD
=2.0¢", online supplemental table 15).

controls

Gut microbiota composition is linked to metabolomic profiles
The gut microbiota of individuals with IBD often undergoes
transitions from a healthy state (eubiosis) to an unhealthy state
(dysbiosis).* ** Understanding the metabolic changes that accom-
pany dysbiosis may provide crucial insights into the pathomech-
anisms of IBD.

In our cohort, participants with dysbiosis were more likely
to have CD (n=130, ¥ test FDR=2.45¢""*) and ileocecal valve
resections (n=76, x> test, FDR=2.93¢7'%), but no significant
differences were found in faecal calprotectin levels (proportion
of individuals with calprotectin >200 ug/g, x* test FDR=0.65).
A significant increase in the abundance of pathobionts such as
Clostridium boltae, Erysipelatoclostridium ramosum and Rumi-
nococcus gnavus was observed, as well as a decreased abundance
of 52 bacterial species in dysbiotic communities (online supple-
mental table 5, figure SA,B).

Comparing the metabolite composition of IBD samples
from patients with dysbiosis to those with eubiotic microbial

communities revealed the enrichment of 202 metabolites and the
depletion of 258 metabolites. In dysbiotic samples, we observed
reduced levels of indolin-2-one and 3-phenylpropionate and
increased levels of imidazole propionate, long-chain polyunsat-
urated fatty acids (PUFAs) and primary bile acids (FDR<0.05,
online supplemental table 5, figure 5C). Alterations in the
bile acids pools were also reflected in a higher prevalence of
taurine-conjugated and sulphated bile acids in dysbiotic samples
(FDR<0.05, online supplemental table 5).

Next, we investigated the correlation between gut micro-
biota and metabolites while correcting for disease phenotypes
(non-IBD, CD or UC) and dysbiotic status (yes/no) (see online
supplemental methods). We found a total of 13761 significant
associations between bacteria presence/absence and metabolites
levels, and 5942 significant associations between bacterial abun-
dances and metabolites (online supplemental tables 16 and 17,
figure 6A, online supplemental figure 6, FDR<0.05).

Of these associations, 1137 showed a significant interaction
effect with dysbiosis status, with only 56 associations exhibiting
different directionality between dysbiotic and eubiotic samples.
For instance, the detection of Ruthenibacterium lactatiformans
in eubiotic samples showed a negative association with butyrate
levels, while in dysbiotic samples, this correlation was positive.
Regardless of dysbiosis, the presence of Akkermansia municiphila
and Oscillibacter spp (CAG 241) in faeces were associated with
higher levels of dicarboxylic acids, sebacate (C10-DC) and dodec-
anedioate (C12)), and the presence of Bilophila wadsworthia was
associated with lower levels of taurine and N,N,N-trimethyl-
alanyl-proline betaine (figure 6B, FDR<0.05). Furthermore, our
results revealed strong positive correlations between E praus-
nitzii and hypoxanthine abundances, (FDR=1.46¢"""), R. gnavus
and tryptamine (FDR=1.46¢™"") (figure 6C), as well as imidazole
propionate and Streptococcus parasanguinis (FDR=0.007).

Additionally, the abundance of specific microbial metabolic
pathways and gene clusters were found to be linked with the
metabolic profiles (figure 6D-F). Positive correlations were
observed between the abundance of bile acid-inducible operons
(bai operon) and levels of lithocholic acid (FDR=9.76¢7"), as
well as negative correlations with cholic acid (FDR=8.90¢™,
online supplemental table 18, figure 6F). However, these
effects were more pronounced in dysbiotic samples (FDR,
tion dysbiosis < 0-05). On the other hand, reductions in the levels of
palmitoyl-ethanolamide and oleoyl-ethanolamide were associ-
ated with an increase in the abundance of ethanolamine utilisa-
tion operons (eut operon, FDR<0.03, figure 6E). The eut operon
is known to be carried by several gut pathobionts, allowing the
use of ethanolamine as a source of carbon and nitrogen.” More-
over, a higher abundance of genes involved in the L-histidine
degradation pathway I (MetaCyc ID: HISDEG-PWY) was asso-
ciated with lower levels of histidine, a metabolite found to be
increased in samples from patients with IBD (FDR=3.64¢™,
online supplemental table S19, figure 6D).

Microbiome composition predicts metabolite levels in faeces

Finally, the predictability of each metabolite was estimated using
a combination of host information, dietary habits and the faecal
microbiome. Dietary intake predicted the levels of 37 metab-
olites (>20% of explained variation), with the top 10 dietary-
predicted metabolites being 7 unclassified molecules and 3
coffee-related metabolites. Meanwhile, bacterial abundances
were a strong predictor of 82 metabolites (>40% of the vari-
ation), including the levels of molecules such as lithocholate
(41%, s.d. 18%) and dimethylarginine (ADMA/SDMA, 53%,
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1,3-dimethylurate to AAMU. This association was previously described in the TwinsUK cohort.”® Metabolite values are presented as the residuals of
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1.5*IQR range. Data distribution is represented by background violin-plot. AAMU, 5-acetylamino-6-amino-3-methyluracil; BMI, body mass index; IBD,

inflammatory bowel disease.

s.d. 49%). Adding diet and participants’ characteristics slightly
improved microbiome-based models (paired Wilcoxon-test, p
<2.2x107°) (figure 7, online supplemental table 20).

DISCUSSION

We comprehensively characterised faecal metabolites in samples
from patients with IBD and representatives of the Dutch popu-
lation. Our results revealed alterations in the levels of more
than 300 highly prevalent faecal metabolites in patients with
IBD. Additionally, we described potential determinants of faecal
metabolome composition by integrating untargeted metabolo-
mics with extensive information on dietary habits, host genetics,
clinical characteristics and gut microbiota composition.

The drastic alteration in faecal metabolite composition in
patients with IBD suggests a shift from saccharolytic to proteo-
lytic fermentation metabolism,”® as evidenced by increased
levels of metabolites derived from the metabolism of aromatic
amino acids, such as p-cresol sulphate (FDRIBD=8.29e’06) and
3-indoxyl sulphate*”~*’ (FDR;,=0.04). (online supplemental
table 7). The accumulation of these compounds has been linked
to various health conditions, such as chronic kidney disease®®
and colorectal cancer® *%; suggesting that higher presence of
these molecules and lower levels of saccharolytic products, like
SCFAs, may indicate an unhealthy gut milieu.

The overlap in the faecal metabolite signatures between
patients with CD and UC suggests a common underlying
alteration in gut metabolism. In total, 58% of the metabolites
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significantly associated with UC were also found to be associ-
ated with CD. When comparing the faecal metabolite profiles of
patients with CD and UC, we observed significant differences in
the levels of 106 metabolites. For instance, alterations in the bile
acid pool were a distinctive feature of CD, while a reduction in
the concentrations of SCFAs was a common characteristic of UC.

In patients with CD, we observed a marked increase in the
faecal levels of sphingolipids, including several sphingomyelins
and ceramides. Sphingolipids are components of the intestinal
cell membrane and are produced either by the de novo conden-
sation of serine to palmitoyl-CoA or the uptake of endogenous
and dietary sphingolipids. In addition to their structural role,
sphingolipids can act as signalling molecules, mediating cell
differentiation, apoptosis, and inflammation.** Previous studies
have shown an accumulation of sphingolipids in colitis mouse
models and in faeces of patients with IBD**; however, the mech-
anisms underlying this dysregulation and whether it precedes the
development of inflammation are still unclear.

Experimental evidence suggests that an increase in ceramides
levels, either due to the activation of ceramide synthetase or
the increased breakdown of sphingomyelins into ceramides,
can activate the proinflammatory transcription factor NF-kB,
leading to the production of prostaglandin E, via the induction
of COX-2 gene expression.”> Ceramides can also be converted

into ceramide 1-phosphate or further degraded into sphin-
gosine, which can also be phosphorylated to form sphingosine
1-phosphate (S1P). These molecules play a key role in regulating
inflammatory processes, making S1P a promising target for IBD
due to its role in modulating lymphocyte migration from lymph
nodes.*

Contrary to the proinflammatory effects of host-produced
sphingolipids, it has been shown that sphingolipids produced by
bacteria like Bacteroides can exert anti-inflammatory effects,’!
emphasising the importance of microbial-produced molecules in
maintaining intestinal health and the delicate balance between
pro-inflammatory and anti-inflammatory molecules.

In addition to the increased levels of sphingolipids, we
also report higher levels of N-acylethanolamines (palmitoyl-
ethanolamide, linoleoyl-ethanolamide, oleoyl-ethanolamide
and stearoyl-ethanolamide) in the faeces of patients with CD
compared with non-IBD controls. Although the mechanism
behind the accumulation of these atypical endocannabinoids still
needs to be elucidated, current evidence suggests that ethanol-
amides might shape the gut microbiota during inflammation.>”

Our study found that patients with IBD also have elevated
levels of long-chain fatty acids (LCFAs) and PUFAs, such as acyl-
carnitines and arachidonic acid, in their faeces. Previous research
by Smith et al has identified palmitoylcarnitine (C16) as a faecal
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biomarker for IBD, linking acylcarnitine accumulation in the
intestinal lumen to a reduced LCFA uptake in colonocytes during
inflammation.*® Furthermore, increasing evidence suggests that
diets high in PUFAs can contribute to intestinal inflammation.
Exposure to omega-3 and omega-6 PUFA can trigger an inflam-
matory response in intestinal organoids from patients with CD
and in mice models with an impaired glutathione peroxidase 4
(GPX4) gene expression.

We also observed a significant increase in the levels of amino
acids and their derivatives in patients with IBD. These findings
align with previous research conducted on a cohort of newly
diagnosed patients with IBD (n=78), where the levels of several
amino acids could differentiate IBD samples from controls with

high accuracy.’” In particular, we found a strong increase in
taurine levels in IBD samples.

It has been shown that bacteria in the colon can use taurine
as a substrate, releasing sulfite, which can be further converted
to hydrogen sulfide .** This accumulation of hydrogen sulfide
has been linked to epithelial damage and colitis. B. wadswor-
thia is a sulfate-reducing bacterium that has been shown to have
the capability to metabolise taurine, which provides a potential
explanation for the inverse relationship observed between the
detection of B. wadsworthia and taurine levels in our cohort.

Furthermore, faeces from patients with IBD exhibited deple-
tion of nucleotides, enterolactone (a bacterial product produced
from the breakdown of dietary lignans) and biotin (vitamin B.).
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Figure 7 Metabolite prediction. Microbial abundances (light red) and bacterial pathways (dark red) show the largest potential to predict the levels
of metabolites. Boxplots show the ability to predict metabolites levels of eight different models using seven types of data. Dots represent metabolites,
and values in the y-axis represent the percentage of variation explained from cross-validated penalised regression methods using different sets of
predictors (see online supplemental methods). The number of features in each model are indicated in parentheses in the legend (online supplemental

table 20).

These findings suggest that the loss of bacterial diversity and
biomass in the gut of patients with IBD*! could drive the reduc-
tion in essential functions such as fibre digestion and vitamin
production. The restoration of microbial production of these
metabolites through dietary administration of their precursors
could serve as a potential strategy to prevent flare-ups and
address the dysregulation of the gut microbiome in IBD.

The impact of genetics and lifestyle on the faecal metabolite
levels

Along with the influence of IBD, diet and lifestyle are determi-
nants of the abundance of small molecules in the human body.
By correlating metabolites to dietary data, medication use and
lifestyle factors, we found that daily habits such as smoking or
coffee and tea consumption strongly correlated with their deriv-
ative molecules (online supplemental tables 11-13). Despite
these associations, long-term dietary habits were moderately
associated with faecal metabolome composition. Our predic-
tion model revealed that only a few faecal metabolites could be
predicted using dietary information (15 metabolites, explained
variance >25%, online supplemental table 20), including

several unclassified metabolites, coffee and derivatives (AAMU,
N-methyl pipecolate, theophylline) and enterolactone (a lignan
derivative). Conversely, recent studies have reported more
substantial impact of dietary intake on the levels of circulating
metabolites.”’ We hypothesise that our dietary data underesti-
mates the contribution of food intake to levels of faecal metab-
olites since it is based on food frequency questionnaires. Future
studies should consider the use of 24-hour dietary recalls to
capture daily dietary variations when aiming to explore rela-
tions between food intake and faecal metabolites and food-
microbiome interactions. Furthermore, the impact of the host’s
absorption rates, metabolism and biotransformations in the
gastrointestinal tract should be considered when studying the
relationship between dietary habits and faecal metabolites.

Our mediation analysis provided statistical evidence for the
role of the gut microbiota as a mediator between faecal metabo-
lites and clinical and lifestyle factors associations. For example,
the levels of several coffee-related metabolites in faeces partially
depended on the abundance of L. asaccharolyticus. Although
this specie has been associated with coffee intake before,*
its capacity to metabolise molecules found in coffee, such as

1482

Vich Vila A, et al. Gut 2023;72:1472-1485. doi:10.1136/gutjnl-2022-328048


https://dx.doi.org/10.1136/gutjnl-2022-328048
https://dx.doi.org/10.1136/gutjnl-2022-328048
https://dx.doi.org/10.1136/gutjnl-2022-328048
https://dx.doi.org/10.1136/gutjnl-2022-328048
https://dx.doi.org/10.1136/gutjnl-2022-328048

Inflammatory bowel disease

AAMU and 1,3-dimethylruic acid, remains unknown. However,
relations between exposures, microbiota and metabolites are
complex, for example, metabolites can shape the gut microbiota
composition and bacteria can establish cross-feeding metabolic
networks; therefore, functional validations are needed to better
estimate the directionality of these interactions.

Host genetics showed a small impact on metabolite levels
in faeces. The only association that passed our significance
threshold was between a single nucleotide polymorphism near
the NAT2 gene and AAMU, a caffeine metabolism product
(online supplemental table 15). NAT2 encodes an N-acetyl-
transferase enzyme that detoxifies several xenobiotics, including
coffee and certain types of medication. A study in the TwinsUK
biobank also reported this association and estimated that host
genetics has a moderate effect on faecal metabolites, with an
average heritability of ~189%.% This relatively low heritability
contrasts with the impact of host genetics on the levels of circu-
lating metabolites* ** and might be explained by the fact that
faecal metabolites are primarily influenced by microbial trans-
formations occurring in the colon, which can potentially mask
genetic effects. Moreover, sample sizes are still a limiting factor
for discovering metabolite—genome associations. In fact, when
using a looser significance cut-off (p <5x107%), we found
>200 suggestive associations pointing to the metabolism of
cholesterol and serotonin. For example, LRPSL was associated
with serotonin and PNLIPRP2 with 1-palmitoyl-2-linoleoyl-di
galactosyl glycerol (16:0/18:2) (online supplemental table 15).
LRPSL belongs to the low-density lipoprotein (LDL) receptor
family found to be involved in controlling serotonin levels in
the duodenum.* Both PNLIPRP2 and 1-palmitoyl-2-linoleoyl-
digalactosyl glycerol (a choline derivative) are linked to choles-
terol metabolism, supporting that choline supplements maintain
blood cholesterol homoeostasis,*® and PNLIPRP2 has been asso-
ciated with LDL levels in blood.*”

The relation between gut microbiota composition and gut
metabolism

The strong relationship between the microbiome and metabo-
lites enabled us to estimate the levels of faecal metabolites using
metagenomic sequencing data (online supplemental table 20).
In line with previous studies® ** ¥ *° well-predicted molecules
included putrescine, urobilin, bile salts and fatty acids. However,
further functional evidence is necessary to verify that all these
well-predicted molecules can indeed be products of microbial
metabolism. Notably, models trained on controls and tested
on IBD samples showed lower prediction accuracy compared
with models trained on both IBD and non-IBD datasets. This
low cross-predictability between cases and controls has also
been reported by Muller et al** and implies that some micro-
biota—metabolite associations may be context-specific or become
more evident when microbial communities are perturbed. For
instance, patients with IBD often exhibit alterations in their gut
microbiota composition, leading to dysbiosis. In line with this,
our analysis revealed 1137 metabolite—microbiota associations
significantly influenced by dysbiosis.

Patients with IBD and dysbiosis displayed an enrichment of
202 highly prevalent metabolites, including a significant increase
in primary and conjugated bile acid levels compared with eubiotic
IBD samples (online supplemental table 5). The accumulation of
cholic acid in the colon has been shown to exert selective pres-
sure on the gut ecosystem due to its antimicrobial properties,®
which could explain the expansion of bile-resistant bacteria,
such as C. boltae and R. gnavus in dysbiosis. Additionally, the

loss of certain bacteria may also contribute to the accumulation
of primary bile acids, as evidenced by the decreased abundance
of bai operons and the increased ratio of primary to secondary
bile acids in dysbiotic samples compared with eubiotic samples.
Furthermore, bile acids play a pivotal role in regulating metabo-
lism, exerting signalling effects in preserving the intestinal barrier
and regulating the host’s immune system,’’ thereby making them
a highly attractive target for therapeutic intervention in IBD.

In our cohort, dysbiosis was associated with ileum disease
involvement and an ileocecal valve resection (online supple-
mental table 5). Accumulating literature demonstrates that
disruptions in the small intestine due to inflammation or surgery
can significantly impact faeces’ metabolite and microbial compo-
sition.’*® For example, Halfvarson et al** showed that patients
with intestinal surgery in the ileum had a less stable microbiota
and more frequently transitioned between eubiotic and dysbiotic
states. Given the critical role of the small intestine in nutrient
absorption, it is plausible that disruptions in this section of the
gut lead to persistent alterations in the concentrations of bile
acids, amino acids and lipids in the colon, which might reshape
the microbial composition towards a dysbiotic state. The strat-
ification of patients based on their disease location and micro-
biome composition should be considered in future metabolomic
studies and clinical interventions, as it can potentially uncover
more targeted and effective treatments for the disease.

Furthermore, the coabundance analysis performed in this
study provides insight into the relationship between bacteria and
their associated metabolic products. This information can serve
as a basis for identifying potential therapeutic targets for treating
IBD. For instance, F. prausnitzii, a specie which is depleted in the
faeces of patients with IBD, was positively correlated with SCFAs
and hypoxanthine levels (online supplemental table 17). Hypox-
anthine can be produced by E prausnitzii through the metaboli-
sation of adenine®* and plays a role in maintaining the intestinal
epithelium.” Similarly, R. gnavus, which is highly abundant
in dysbiotic samples from patients with IBD,’® was positively
correlated with the levels of tryptamine (online supplemental
table 17). R. gnavus is capable of producing tryptamine via the
decarboxylation of tryptophan.’” Accumulation of tryptamine
may increase gut motility via activation of serotonin receptor-4,
which could explain why some patients experience decreased
intestinal transit times during flares.’® In line with our findings,
higher levels of tryptamine have been reported in individuals
with irritable bowel syndrome and diarrhoea and have been asso-
ciated with the metabolic activity of R. gnavus.’® Additionally,
the positive correlation we observed between S. parasanguinis
and imidazole propionate could be explained by the capacity of
this bacterium to degrade histidine.®® Imidazole propionate has
been linked to the risk of developing type 2 diabetes and regu-
lates activation of the mTORC1 signalling pathway,®! ®* which is
implicated in IBD.®

Overall, the substantial variations in metabolite composition
between eubiotic and dysbiotic microbial communities, and the
strong co-occurrence between metabolites and bacterial species,
support the notion that faecal metabolomics partially reflects
the metabolic activity of the gut microbiota. Further functional
validation and longitudinal monitoring of microbial-metabolite
associations are necessary to determine the direction of these
relationships and assess their impact on disease progression.

Faecal metabolites as novel biomarkers for IBDs
As opposed to colonoscopies, the current invasive gold standard
for diagnosing IBD, we demonstrated the potential of faecal
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metabolites as a non-invasive method for disease diagnosis. The
ratio between the levels of two metabolites, lactosyl-N-palmitoyl-
sphingosine (d18:1/16:0) and L-urobilin was identified as a
biomarker for IBD in our cohort (online supplemental table 10).
Other studies have also observed reduced levels of L-urobilin
and increased sphingolipids in patients with IBD faeces.’ ° In
a North American longitudinal cohort,® we observed that the
ratio between a sphingolipid (ceramide (18:1/16:0)), and L-uro-
bilin were consistently higher in patients with IBD compared
with non-IBD controls underscoring our findings(online supple-
mental figure 7) . Faecal measurements targeting these two mole-
cules could be relatively easy to implement in combination with
the faecal calprotectin test.

It is important to note that our study cohort primarily
consisted of subjects with a prolonged history of IBD. There-
fore, the validity of the identified biomarker must be confirmed
in newly diagnosed patients with IBD, as well as in individuals
with other gastrointestinal disorders.

Finally, it is also important to acknowledge the limitations
of untargeted metabolomics approaches. This study focused
on annotated molecules with relatively high prevalence, but a
substantial number of metabolites remained unidentified, and
their physiological significance is unknown. Approximately one-
third of the metabolites detected in our dataset (492 out of 1684
metabolites) could not be linked to a previously characterised
compound, emphasising the need for further efforts to fully
characterise the molecular diversity in the human body. Addi-
tionally, the semiquantitative nature of untargeted metabolomics
limits the ability to establish the normal concentration range of
each metabolite in faeces.

In conclusion, this study provides a detailed characterisation
of the faecal metabolites in the context of health and intestinal
inflammation, replicating known disease-relevant molecules and
expanding our knowledge of disease heterogeneity. In addition,
we pinpoint multiple associations between microbiota, diet
and faecal metabolite levels, which we believe provide valu-
able resources for further investigation of metabolite-based or
microbiota-based interventions and treatment in IBD.
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