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Despite recent progress in our understanding of the association between
the gut microbiome and inflammatory bowel disease (IBD), the role of
microbiome biomarkers in IBD diagnosis remains underexplored. Here
we developed a microbiome-based diagnostic test for IBD. By utilization
of metagenomic data from 5,979 fecal samples with and without IBD from
different geographies and ethnicities, we identified microbiota alterations
inIBD and selected ten and nine bacterial species for construction of
diagnostic models for ulcerative colitis and Crohn’s disease, respectively.
These diagnostic models achieved areas under the curve >0.90 for
distinguishing IBD from controls in the discovery cohort, and maintained
satisfactory performance in transethnic validation cohorts from eight
populations. We further developed a multiplex droplet digital polymerase
chainreaction test targeting selected IBD-associated bacterial species, and

models based on this test showed numerically higher performance than
fecal calprotectinin discriminating ulcerative colitis and Crohn’s disease
from controls. Here we discovered universal IBD-associated bacteria and
show the potential applicability of a multibacteria biomarker panelasa
noninvasive tool for IBD diagnosis.

Inflammatory bowel disease (IBD), which includes Crohn’s disease
(CD) and ulcerative colitis (UC), is a chronic and relapsing inflamma-
tory disorder of the gastrointestinal (Gl) tract. Globally, over 7 million
people are estimated to be living with IBD'. Although IBD used to be
more prevalent in Western countries, newly industrialized countries
have witnessed arise inincidence over the past few decades largely
attributed to the influence of lifestyle and environmental factors®™.
Delayed diagnosis is often associated with disease progression and
intestinal surgery, whereas early diagnosis followed by timely inter-
vention can lead to improved outcomes®.

Recently, a growing body of literature has shown altered gut
microbial composition and metabolic pathways in patients with

IBD?™, For instance, the prevalence of proinflammatory bacteria,
including adherent-invasive Escherichia coli*?, Proteus mirabilis®,
Klebsiella pneumoniae™™ and toxigenic Bacteroides fragilis', has
beenreportedtobeincreased, whereas Faecalibacterium prausnitzii,
Roseburiainulinivorans, Ruminococcus torques and other short-chain
fatty acid-producing bacteria were shown to be diminished in the
feces of patients with IBD''%, Preclinical studies showed that some of
these bacterial species play a role in aberrantimmune responses and
the development of intestinal inflammation'*?°. However, the role of
microbiome biomarkers in IBD diagnosis remains underexplored.
Inthis study, we aimed to develop a microbiome-based diagnostic
test for IBD. We performed comprehensive analyses of metagenomic
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Fig.1| Overview of study workflow and comparison of fecal microbiome

in patients with UC and CD and controls. a, Workflow of the study. A total of
5,979 samples, including 1,884 from in-house sequencing datasets and 4,095
from public datasets, were included in this study. The discovery cohort includes
174 patients with CD, 205 with UC and 118 controls. Independent IBD cohorts
include 139 patients with UC,190 with CD and 328 controls. Public datasets
include 678 patients with UC, 875 with CD and 1,699 controls. Non-IBD cohorts
include 146 patients with IBS, 230 with CA, 372 with CRC, 318 with obesity, 143
with CVD and 364 corresponding controls. FAM and HEX represent fluorescent
modification groups of different colors. b, Violin plots showing the Shannon
index and observed species of fecal microbiome in patients with UC (n = 205)
and CD (n =174) and controls (n =118). Datain boxplots are median (center line),

25th and 75th percentiles (box limits) and 5th and 95th percentiles (whiskers).
Pvalues were calculated using two-sided Wilcoxon rank-sum test. ¢, PCoA plot
showing the varied microbial composition among groups (174 patients with CD,
205 with UC and 118 controls). Datain boxplots are median (center line), 25th and
75th percentiles (box limits) and Sthand 95th percentiles (whiskers). P values of
beta-diversity based on Bray-Curtis distance were calculated with permutational
multivariate analysis of variance using 999 permutations (df =2, R = 0.02219,
F=5.606,P<0.001).d, Stacked bar chart showing the relative abundance of

the six most abundant phylain patients with UC (n=205) and CD (n =174) and
controls (n=118). ‘Others’ includes phyla not shown in the figure. *P < 0.05,

**P < 0.01,**P < 0.001. NS, not significant. lllustrations in awere created with
BioRender.

datasets to assess the predictability of selected bacterial species for
IBD diagnosis, constructed diagnostic models using disease-specific
species and developed a multiplex droplet digital polymerase chain
reaction (m-ddPCR)-based multibacteria biomarker panel for IBD
diagnosis (Fig. 1a).

Results

Characterization of gut microbial alterationin IBD

We analyzed fecal metagenomics datafrom 4,406 samples from13 IBD
cohorts across eight countries and regions, to identify and validate
gut microbial biomarkers for IBD diagnosis. Specifically, we utilized
in-house sequencing data from Hong Kong as a discovery cohort
(Supplementary Table 1) and included three additional independent
in-house cohorts from Hong Kong and Australia, as well as nine public
datasets from the United States, the Netherlands, mainland China,
Spain, Denmark and the United Kingdom as validation cohorts (Sup-
plementary Table 2).

In the discovery cohort, we identified a total of 1,175 taxa (three
kingdoms, 14 phyla, 25 classes, 40 orders, 85 families, 226 genera and
788 species). At the specieslevel, weidentified totals of 674, 637 and 506
bacterial speciesin UC, CD and control groups, respectively. We found
decreased microbial diversity (median: UC 2.73,CD 2.71, controls 3.08;
P<0.001) and richness (median: UC 82,CD 86.5, controls 95; P < 0.001)
in patients with UC and CD compared with controls, but there was no
statistically significant difference between UC and CD (Fig. 1b). On
principal coordinates analysis (PCoA) based on Bray-Curtis distances,
the gut microbiome of patients with UC and CD clustered separately
from that of controls, and patients with UC exhibited a greater dis-
tance from controls than those with CD (Fig. 1c). The presence of IBD
accounted for 2.22% of microbiome variance (P < 0.001), while age and
gender contributed 0.28% (P=0.107) and 0.29% (P= 0.073), respectively
(Extended DataFig.1). There were significant differences in gut micro-
bial communities at the phylum level between patients with IBD and con-
trols, characterized by areduction in Firmicutes and an enrichment of
Proteobacteriain IBD. Patients with CD had lower levels of Bacteroidetes
compared with UC and controls (both P<0.001; Fig. 1d and Extended
DataFig.2). Wefound that patients with IBD harbored reduced microbial
diversity compared with controls, and patients with CD and UC showed
distinct differences in their gut microbial composition®*,

Identification of gut microbiome signaturesin UCand CD

We next used general linear models, asimplemented in microbiome
multivariable associations with linear models (MaAsLin2), to identify
differentially abundant bacterial species in UC and CD after filtering
outlow-prevalence species (<10%), followed by adjustment for age and
gender. We identified 126 and 161 species differentially abundant in
UC and CD, respectively, compared with controls (false discovery rate
(FDR) <0.25). Amongst these, 15 species, including B.fragilis, Veillonella
parvula, Tyzzerella nexilis, Clostridium spiroforme, Rothia mucilaginosa
and Blautia hansenii, were enriched in UC (FDR < 0.1, coefficient < 0.1)
whereas 48 species, including Collinsella aerofaciens, Clostridium
leptum, R. torques, Asaccharobacter celatus, Gemmiger formicilis and
Fusicatenibactersaccharivorans, were depleted in the gut of patients with
UC (FDR < 0.05, coefficient < —0.45; Fig. 2a). In CD, 58 bacterial species
wereeitherenriched or depleted compared with controls (FDR < 0.001
and |coefficient| > 0.5). In particular, certain bacterial species with
proposed anti-inflammatory properties, including Fubacterium hallii,
Blautiaobeum, R. inulinivorans and Eubacteriumrectale, were depleted
in CD (Fig. 2b). In addition, E. coli and some Streptococcus species
wereenriched inthe gut of patients with CD but not UC. Takentogether,
these data highlighted the presence of disease-specific bacterial species
inUCand CD.

Development of metagenomics-based diagnostic models

We next performed a fivefold cross-validation with all discriminative
bacterial species to construct diagnostic models. We achieved stable
classification performances by utilization of seven and eight bacterial
features in UC and CD, respectively (Extended Data Fig. 3). After
accounting for functional properties of selected bacteriaand optimal
distribution of enriched and depleted bacterial species, we selected
ten bacterial species as biomarkers for UC (four enriched: Gemella
morbillorum, B. hansenii, Actinomyces sp. oral taxon 181 and C. spiro-
forme; and six depleted: C. leptum, F. saccharivorans, G. formicilis,
R.torques, Odoribacter splanchnicus and Bilophila wadsworthia); and
ninebacterial species asbiomarkers for CD (three enriched: B. fragilis, E. coli
and Actinomyces sp. oral taxon 181; and six depleted: R. inulinivorans,
B. obeum, Lawsonibacter asaccharolyticus, Roseburia intestinalis,
Dorea formicigenerans and Eubacterium sp. CAG: 274) (Fig. 2¢,d).
Amongthese, Actinomyces sp. oral taxon 181and C. spiroformewerefirst

Fig. 2| Differential bacterial species and dysbiosis of metabolic pathwaysin
patients with UC and CD compared with controls. a,b, Top bacterial species
associated with UC (a) and CD (b). Left, lollipop plot showing the coefficient

of each species, with disease calculated by MaAsLin2 including adjustment for
age and gender. Middle, the phylum of each species is indicated. Right, bar plot
demonstrating the proportion of each species presentin UC, CD and control
groups. ¢,d, Relative abundance of ten bacterial species biomarkers in UC
(n=205) and controls (n =118) (c), and of nine bacterial species biomarkers in CD
(n=174) and controls (n =118) (d) as determined by metagenomics. Data shown
as median (center line), 25th and 75th percentiles (box limits) and 5th and 95th
percentiles (whiskers). P values were calculated using two-sided Wilcoxon rank-
sum test. e,f, Performance of model with ten UC and nine CD bacterial species

biomarkers for classification of patients with UC (e) and CD (f) compaerd with
controls in discovery cohort. Shaded areas of ROC curves represent the 95% Cl of
AUC for the test set. g, SHAP values of the ten UC bacterial species biomarkers for
eachsample. h, SHAP values of the nine CD bacterial species biomarkers for each
sample. Each point represents the SHAP value of each biomarker for each sample;
the distribution of points indicates the impact of each biomarker on model
output. Colors represent relative abundance of the biomarkers (yellow, high;
purple, low).i, Correlation between functional dysbiosis scores and probability
of disease generated by models based on ten UC and nine CD bacterial species
biomarkers. Shaded area corresponds to 95% Cl for the regression fit. Correlation
coefficient and two-sided P values are given by Spearman correlation. Coeff.,
coefficient; pos. pred., positive prediction; neg. pred., negative prediction.
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reported tobe enrichedin UC whereas Actinomyces sp. oral taxon 181,
L. asaccharolyticus and Eubacterium sp. CAG: 274 were new bacterial
species associated with CD. Using the random forest algorithm, the
ten selected bacterial species discriminated patients with UC from
controls, withan AUC of 0.95 (95% confidence interval (CI): 0.92-0.98)
in the training set and 0.90 in the test set (95% CI: 0.84-0.96; sensi-
tivity 88.06%, specificity 80.95%). F. saccharivorans, C. leptum and
G.formiciliswerethe top three key discriminatory bacterial speciesin
the UCmodel (Fig. 2e,g).In CD, nine bacterial species showed an AUC of
0.95(95% Cl: 0.92-0.98) and 0.94 (95% CI: 0.89-0.98; sensitivity 88.33%,
specificity 89.47%) in discriminating CD from controls in the training
andtestset, respectively. B.obeum, L. asaccharolyticus, R. inulinivorans
(depletedin CD), Actinomyces sp.oral taxon 181andE. coli (enriched in
CD) were the top-ranking bacteria in our model (Fig. 2f,h).

Alteration of metabolic pathwaysin IBD

Apart from altered microbial composition and taxonomy, we found
that metabolic functions were dysregulated inboth UC and CD. Using
MaAsLin2 comparison analysis, we identified 545 metabolic pathways
consisting of 244 and 315 differential pathways in UC and CD, respec-
tively, compared with controls (FDR < 0.05). Pathwaysinvolvedin amine
and polyamine degradation, and in fatty acid and lipid biosynthesis,
were significantly enriched in patients with UC or CD compared with
controls®. UC- and CD-enriched bacterial species biomarkers were
positively correlated with disease-enriched metabolic pathways, while
UC- and CD-depleted bacterial species biomarkers showed negative
correlations (Extended Data Fig. 4). New findings from stratified anal-
yses revealed that pathways belonging to amino acid biosynthesis
(L-arginine, L-ornithine and L-valine biosynthesis) were mainly con-
tributed by bacterial species depleted in patients with UC, including
C.leptum, F. saccharivorans, G. formicilis and R. torques. Depletion of
these key bacterial speciesin UC was also associated with a significant
decrease in the abundance of their respective functional pathways
(Extended DataFig. 5a). Similarly, bacterial species, including B. obeum,
R. inulinivorans, D. formicigenerans, Eubacterium sp. CAG: 274 and
R.intestinalis, also contributed to pathways of amino acid biosynthesis
(L-tryptophan biosynthesis), carbohydrate degradation (starch deg-
radation) and cofactor, carrier and vitamin biosynthesis (thiamine
phosphate formation from purithiamine and exythiamine) in controls.
In CD, there was a shift in the main contributors of these pathways
characterized by a predominance of E. coli rather than a diversified
bacterial profile (Extended DataFig. 5b). Variations in bacterial meta-
bolic pathways suggested that altered microbiota-mediated metabolic
capabilities may be essential for IBD development.

To examinethe role of bacterial biomarkers in mediation of meta-
bolicfunctions, we developed a dysfunctional score for each subject by
calculating median Bray-Curtis dissimilarity to controls using meta-
bolic pathway profiles. Both the distribution and level of dysfunctional
scores in patients with UC and CD were different from those of controls,

implying dysfunctional changes in IBD (Extended Data Fig. 5c,d). The
probability of disease determined by diagnostic models showed a posi-
tive correlation with dysfunctional scoresin UC and CD, implying that
our bacterial biomarkers could reflect the metabolic dysregulations
in patients with IBD (Fig. 2i).

Performance of diagnostic modelsin active and inactive IBD

We next evaluated the accuracy and stability of our multibacteria bio-
marker panel in IBD with different disease activities. Using Mayo score
and Crohn’s disease activity index (CDAI), we categorized patients
into active (UC, Mayo >2; CD, CDAI >150) and inactive disease (UC,
Mayo <2; CD, CDAI <150). There was differential abundance of CD- and
UC-associated bacterial species in patients with inactive IBD compared
with controls (sixdecreased, fourincreased in UC; six decreased, three
increasedin CD). Moreover, levels of some bacterial species changed with
diseaseactivity. For instance, the relative abundance of six UC-depleted
species was lower in patients with active compared with inactive UC,
and R. inulinivorans, B. obeum, L. asaccharolyticus, D. formicigenerans
and Eubacterium sp. CAG: 274 were lower in patients with active com-
pared withinactive CD, whereas some disease-enriched bacteria, suchas
G. morbillorum, were higher in active UC, and B. fragilis, E. coli and
Actinomyces sp. oral taxon 181 were higher in active CD, implying that
these bacterial species may be involved in disease activity and severity
(Extended DataFig. 6a,b). We next utilized diagnostic models to calculate
aprobability value for disease risk, and found that disease probability
showed no significant difference between inactive and active IBD
(Extended Data Fig. 6¢,e). Our model was able to distinguish patients
with inactive UC and CD from controls, with AUC of 0.89 and 0.84,
respectively (Extended Data Fig. 6d,f). These data suggested that bac-
terial biomarkers may not just be a consequence of inflammation but
also contribute to—or possibly reflect—underlying disease pathogenesis.

Validation of diagnostic models in independent cohorts

Next, we analyzed two independent datasets from Hong Kong (139 UC,
139 controls; 92 CD, 108 controls) and Australia (98 CD, 81 controls) and
three public datasets fromthe United States (53 UC, 68 CD, 34 controls),
the Netherlands (23 UC, 20 CD, 22 controls) and mainland China (25 UC,
15 controls; 48 CD, 54 controls). Both the abundance and prevalence of
bacterial biomarkers in the independent cohorts and public datasets
were consistent with those reported in the discovery cohort (Extended
DataFig.7a,b). Specifically, our diagnostic models showed satisfactory
performancesin classifying IBD from controls, with AUCs of 0.81 (95%
Cl: 0.76-0.86) for UC (Fig. 3a) and 0.83 (95% Cl: 0.77-0.89) for CD in
the Hong Kong cohorts (Fig. 3b) and 0.73 (95% CI: 0.65-0.80) for CD
in the Australian cohort (Fig. 3¢). Using datasets from United States,
the Netherlands and mainland China, the diagnostic model achieved
AUCs 0f 0.85,0.87 and 0.82, respectively, for UC diagnosis (Fig. 3d and
Extended Data Fig. 7c), and AUCs of 0.89, 0.86 and 0.97, respectively,
for CD diagnosis (Fig. 3e and Extended Data Fig. 7c). Bacteria ecological

Fig. 3| Performance of model with bacterial species biomarkers in
discrimination of patients with UC or CD from controls inindependent
cohorts and public datasets. a, Performance of model with ten UC selected
bacterial species biomarkers for classification of patients with UC versus
controlsin Hong Kong validation cohort. b,c, Performance of model with nine CD
selected bacterial species biomarkers for classification of patints with CD versus
controlsin Hong Kong (b) and Australia validation cohorts (c). d,e, Performance
of model with the selected bacterial species biomarkers for classification of
patients with UC (d) or CD (e) versus controls in the three downloaded public
datasets. f, Associations among disease group, geography, ethnicity and the
relative abundance of ten UC bacterial species biomarkers were calculated

by MaAsLin2in cohorts with UC patients and controls. g, Associations among
disease group, geography, ethnicity and the relative abundance of the nine CD
bacterial species biomarkers were calculated by MaAsLin2 in cohorts with CD
patients and controls. Positive and negative associations are colored red and

blue, respectively. Significant associations (FDR < 0.05) are marked with a plus
sign for positive associations and aminus for negative associations. FDR was
computed by Benjamini-Hochberg correction. h, Performance of model with

the selected bacterial species biomarkers for classification of patients with UC
(n=817) versus controls (n =1,746) in all UC validation cohorts. i, Performance of
modelwith the selected bacterial species biomarkers for classification of patients
with CD (n=1,065) versus controls (n =1,873) inall CD validation cohorts.j,

Model performancein distinguishing treated and treatment-naive patients with
UC from controlsin two downloaded public datasets. k, Model performance in
distinguishing treated and treatment-naive patients with CD from controls in two
downloaded public datasets. I, Model performance in distinguishing patients
with UC from controls, compared using fecal calprotectin test in two downloaded
public datasets. m, Model performance in distinguishing patients with CD from
controls, compared using fecal calprotectin test in two downloaded public
datasets. Shaded areas of ROC curves represent 95% Cl of the AUC for each cohort.
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network analysis showed co-occurring correlations between depleted
bacterial species in IBD, and stable coexcluding correlations among
disease-depleted and -enriched speciesin almostall cohorts (Extended
DataFig. 7d,e). To further validate our models, we utilized additional
metagenomic datasets from the United States, the Netherlands, Spain,

Hong Kong validation cohort

Denmark and the United Kingdom (577 UC, 739 CD, 1,574 controls). By
integration of data from all IBD cohorts and adjusting for geography
and ethnicity, the multibacteria biomarker panel remained significantly
differentbetween IBD and controls (Fig. 3f,g). The UC model maintained
anoverall AUC of 0.82, and the CD model achieved an AUC of 0.76, in all

Hong Kong validation cohort

Australia validation cohort
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Fig. 4 | Performance of model with bacterial species biomarkers in

(n=3,600).d, Comparison of the probability of disease generated by the CD

discrimination of patients with UC or CD from other subjects with and
without Gl disorders ininternational cohorts. a, Composition of international
multidisease datasets from different countries and regions. b, Comparison of
the probability of disease generated by the UC model based on ten UC bacterial
species biomarkersin controls (n =2,391) and in patients with CVD (n =143),
obesity (n=318), CA (n=230), CRC (n=372),IBS-D (n =146) and UC (n = 817).
Datain boxplots show the median (center line), 25th and 75th percentiles (box
limits) and 5th and 95th percentiles (whiskers). ¢, Performance of UC model

in classification of patients with UC (n = 817) versus other non-IBD subjects

model based on nine CD bacterial species biomarkers in controls (n =2,391) and
in patients with CVD (n =143), obesity (n = 318), CA (n =230), CRC (n = 372),IBS-D
(n=146) and CD (n=1,065). Datain boxplots show the median (center line),

25th and 75th percentiles (box limits) and 5th and 95th percentiles (whiskers).

e, Performance of CD model in classification of patients with CD (n =1,065)
versus other non-IBD subjects (n = 3,600). Boxplots represent the minimum
(Q1), median (Q3) and maximum. P values were calculated using the two-sided
Wilcoxon rank-sum test. Shaded areas of ROC curves represent 95% Cl of the AUC
for each cohort.
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species biomarkers (c), as determined by metagenomics and m-ddPCR. Shaded
areas correspond to 95% CI for the regression fit. The correlation coefficient and
two-sided P value are given by Spearman correlation.

Fig. 5| Panel design of m-ddPCR and correlation between the abundance of
bacterial species biomarkers determined by metagenomics and m-ddPCR.
a, Panel design of m-ddPCR for UC and CD bacterial species biomarkers.

b,c, Correlation between the abundance of ten UC (b) and nine CD bacterial
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validation cohorts (Fig. 3h,i). Taken together, these results highlighted
the robustness of diagnostic performance of our multibacteria bio-
marker panel across different regions and ethnicities.

Given that the drugs used to induce and maintain disease remis-
sioninIBD canalter the gut microbiome, we tested whether our models
would be affected by treatment. Using metagenomic data from two
public datasets (United States and the Netherlands)* whereby treat-
ment data were available for IBD cases, the UC model could discrimi-
nate treatment-naive (n = 14) and treated-UC patients (n = 62) from
controls (n =56), with AUCs of 0.74 and 0.89, respectively, while the CD
model discriminated treatment-naive (n = 20) and treated-CD patients
(n=66) from controls (n=56), with AUCs of 0.89 and 0.88, respectively,
suggesting that the performance of the multibacteriabiomarker panel
isunlikely to be influenced by treatment (Fig. 3, k).

For comparison of our models witha commonly used IBD screen-
ing test, fecal calprotectin, we utilized data from two public datasets
(United States and the Netherlands)? for which fecal calprotectin data
were available (46 UC, 65 CD, 42 controls). Our diagnostic models had
anumerically higher AUC than fecal calprotectinin the diagnosis of UC
(AUC =0.85 versus 0.81) and CD (AUC = 0.87 versus 0.79) (Fig. 31,m).
The multibacteria biomarker panel also showed a higher sensitivity
(72 versus 54% for CD, 67 versus 57% for UC) and specificity (95 versus
86% for CD, 88 versus 86% for UC) than fecal calprotectin.

IBD specificity of diagnostic models in transethnic cohorts
Inlight of shared microbiota alterations across various diseases™, itis
important to verify disease specificity for bacterialbiomarkers. Hence,
we assessed several in-house non-IBD disease metagenomic datasets
from Hong Kong comprising subjects with various Gl diseases (n =439),
including colorectal cancer (CRC, n=160), colorectal adenoma (CA,
n=162),irritable bowel syndrome (IBS, diarrhea subtype, IBS-D, n =117)
and non-Gl diseases (n =291): obesity (n =148) and cardiovascular
disease (CVD, n=143). Among UC bacterial biomarkers, depletion
in R. torques and enrichment in C. spiroforme were unique to patients
with UC compared with all other non-IBD diseases (Extended Data Fig.
8a). Among CD bacterial biomarkers, depletion of R. inulinivorans
and B.obeum and anincrease for B. fragilis and E. coliwere specifically
associated with CD (Extended Data Fig. 8b). To validate our models
in aninternationally diverse non-IBD cohort, we included 843 extra
metagenomic data from non-IBD cohorts (212 CRC, 68 CA, 29 IBS-D,
170 obesity and 364 controls) from Austria, France, Germany, Japan,
the United States and Denmark (Fig. 4a). The probability of disease
generated by our models showed significant differences betweenIBD
and non-IBD subjects (Fig. 4b,d). The UC diagnostic model discrimi-
nated patients with UC from non-IBD subjects with an AUC of 0.78
(Fig. 4c), whereas the CD diagnostic model distinguished CD from
non-IBD subjects with an AUC of 0.72 (Fig. 4e). Overall, these results
suggested that our multibacteria panel s specific to UC and CD.

Development of ageneral IBD model
Because there is an unmet need for universal biomarkers to differen-
tiate IBD from non-IBD subjects, we developed an IBD model using

atotal of 18 bacterial speciesidentified for UC and CD (UC, ten species;
CD, nine species; one species overlapping in both UC and CD). The
discriminative power of the IBD model achieved an AUC of 0.91 (95%
Cl: 0.85-0.97) with a sensitivity of 92% and specificity of 75% in the
discovery cohort, and an AUC of 0.81 (95% Cl: 0.80-0.82) with a sensi-
tivity of 78% and specificity of 70% in the validation cohort (controls,
n=2,027;1BD, n=1,882). In the international multidisease cohort
(IBD,n=1,882; non-IBD, n=3,600), whichincluded subjects with both
Gland non-Gl diseases, our model could differentiate IBD from non-IBD
with an AUC of 0.77 (95% CI: 0.75-0.78) (Extended Data Fig. 9a,b).
In a pilot cohort, we performed direct comparison of our multi-
bacteria biomarker panel with fecal calprotectin in samples from
the above-mentioned in-house cohorts (36 patients with UC, 36 with
CD and 36 with IBS). Our multibacteria biomarker panel (AUC = 0.91;
sensitivity, 79%; specificity, 92%) showed numerically higher perfor-
mance than fecal calprotectin (AUC = 0.86; sensitivity, 68%; specificity,
89%) indistinguishing patients with IBD from those with IBS (Extended
DataFig. 9c¢).

Development of m-ddPCR-based multibacteria

biomarker panel

To translate the metagenome-derived multibacteria biomarker
panel into a simple and affordable clinical tool, we developed a
m-ddPCR-based method to quantify selected bacterial species in fecal
samples. Three reactions were designed to measure the abundance
ofbacterial species and to ensure there was no cross-reaction among
the primers and probes of targeted species (Fig. 5a). We quantified the
abundance of bacterial species by m-ddPCR and correlated this with
with the abundance of species generated from metagenomics in UC
(205 UC, 84 controls) and CD (172 CD, 86 controls). Quantification by
metagenomic sequencing and m-ddPCR showed strong correlations
(Spearman r = 0.34-0.73 for UC biomarkers and 0.49-0.94 for CD
biomarkers), suggesting that both measurements are reliable and
consistent (Fig. 5b,c). From m-ddPCRresults, we identified significant
differences in the six depleted bacterial species and one enriched
bacterial speciesin UC compared with controls, while the other three
enriched bacterial species showed increasing trends in patients with
UC compared with controls (Fig. 6a). The random forest diagnostic
model constructed using m-ddPCR datayielded an AUC of 0.88 (sen-
sitivity, 85.0%; specificity, 81.8%) for UC diagnosis in the discovery
cohort (Fig. 6b). In CD, we also identified significant differences in
the abundance of six depleted and three enriched bacterial species
in CD compared with controls (Fig. 6¢). Using m-ddPCR data from
the multibacteria biomarker panel, we constructed a random forest
diagnostic model thatshowed an AUC of 0.87 for CD (sensitivity, 90.2%;
specificity, 76.0%) (Fig. 6d). Furthermore, the UC model achieved an
AUC of 0.89 (Fig. 6b) while the CD model achieved AUCs of 0.75 and
0.73 (Fig. 6d) intheindependent validation cohorts. We compared the
probability of disease values derived from the metagenomic model
and m-ddPCR model and found that differences in values between
the two models were —0.03 (95% Cl: —0.05 to —0.01) in UC and -0.07
(95% Cl: -0.08 t0o -0.05) in CD (Extended Data Fig. 10), indicating that

Fig. 6| Bacterial species biomarkers in patients and controls as determined

by m-ddPCR. a, Relative abundance of ten bacterial species biomarkersin UCand
controlsinthe discovery cohort (205 UC, 84 controls). b, Diagnostic performance of
UC model with ten bacterial species biomarkers, as determined by m-ddPCRin the
discovery cohort (test set, n = 62) and the Hong Kong (HK) cohort (n =108).

¢, Relative abundance of nine bacterial species biomarkers in CD and control groups
inthe discovery cohort (172 CD; 86 controls). Gray diamonds represent mean values.
d, Diagnostic performance of CD model with nine bacterial species biomarkers, as
determined by m-ddPCRin the discovery cohort (test set, n = 66), the Hong Kong
cohort (n=153) and Australia (AUS) cohort (n =177). e, Diagnostic performance

of fecal calprotectinand UC model with ten bacterial species biomarkers, as
determined by m-ddPCRin the Canada cohort (left; 100 UC, 53 Controls) and

Taiwan cohort (right; 40 UC, 40 controls). f, Diagnostic performance of fecal
calprotectin and CD model with ten bacterial species biomarkers, as determined by
m-ddPCRin the Canada cohort (left; 100 CD, 53 controls) and Taiwan cohort (right;
40 CD, 40 controls). g, Comparison of the probability of disease (POD), calculated
by the UC/CD model using m-ddPCR data and fecal calprotectin, between patients
withinactive or active UC/CD and controls in the Canada and Taiwan cohorts.

h, Diagnostic performance of fecal calprotectin and the UC model with ten bacterial
species biomarkers determined by m-ddPCR in distinguishing patients with
inactive UC (n=81) and controls (n =93). Shaded areas of ROC curves represent
95% Clof the AUC for each cohort. Data in boxplots show the median (center line),
25thand 75th percentiles (box limits) and 5th and 95th percentiles (whiskers).
Pvalues were calculated using the two-sided Wilcoxon rank-sum test.
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the findings from m-ddPCR were consistent with those derived from
metagenomics.

Comparison between m-ddPCR panel and fecal calprotectin

For comparison of the diagnostic performance of our multibacteria
biomarker panel with that of fecal calprotectin, we performed both
tests on fecal samples from two independent cohorts from Canada
(100 UC,100 CD, 53 controls) and Taiwan (40 UC, 40 CD, 40 controls),
with analysis blinded relative to each test. The multibacteria biomarker
panel showed better performance than that of fecal calprotectin in
UC (Fig. 6e; Canada, AUC = 0.74 versus 0.63; Taiwan, 0.79 versus
0.57), and performed slightly better than, or was comparable to, fecal
calprotectininthe CD model (Fig. 6f; Canada, AUC = 0.77 versus 0.75;
Taiwan, 0.71 versus 0.71). In the subgroup analysis, the CD multibac-
teria biomarker panel could differentiate patients with active and
inactive CD from controls. In addition, the UC multibacteria biomarker
panel showed higher performance thanfecal calprotectinin discrimi-
nating inactive UC from controls (AUC = 0.78 versus 0.56) (Fig. 6g,h).

Discussion

Inthe present study, we comprehensively assessed the IBD-associated
gut microbiome and its ability to distinguish IBD from non-IBD sub-
jects. Through extensive and rigorous validation, whereby data were
generated from eight countries and regions and data used for training
were separated from those for testing, we identified disease-specific
bacterial species and developed a noninvasive microbiome-based
tool for IBD diagnosis. In particular, the metagenomics-based model
trained on selected bacterial species from multiple studies maintained
an AUC of 0.81 (95% CI: 0.80-0.82) in distinguishing patients with
IBD from controls, which is above the threshold (AUC = 0.80) that is
generally considered clinically useful®. Our multibacteria biomarker
panel also showed numerically higher diagnostic performance than
fecal calprotectin, a standard noninvasive clinical test for inflamma-
tion commonly used in IBD.

To date, microbial identification and analysis using mass
spectrometry**” and 16S amplicon and metagenomics sequencing?%
face challengesincluding high cost, complex operations andinterpre-
tation procedures. Targeted detection technologies, such as fluores-
cent quantitative PCR, nucleic acid hybridization®, fluorescent probe
labeling® and digital PCR*, have been applied in pathogen detection,
environmental monitoring and liquid biopsy***, but there is limited
researchinapplying these techniques for disease diagnosis. Herein, we
have taken existing IBD microbiome research a step further by trans-
lating metagenomic-generated data to bacterial detection based on
m-ddPCR, whichis more user friendly and less operator dependent. We
developed specific primers and probes for bacterial species identified
from metagenomics and designed m-ddPCR assays for quantification.
M-ddPCR-based results replicated performance from metagenom-
ics with moderately higher accuracy than fecal calprotectin. Impor-
tantly, the potential cost of m-ddPCR is substantially lower and the
turnaround time shorter than those of metagenomic-based tools. For
clinical implementation, further studies in different populations to
confirm the analytical and clinical performance of the multibacteria
biomarker panel, in comparison with existing noninvasive testing or
colonoscopy according to the regulatory requirements for in vitro
diagnostics, will be helpful®.

Our metagenomic findings confirmed enrichments of £. coli and
B. fragilis in the gut of patients with CD***°, Specifically, adherent-
invasive E. coliwas present in more than half of patients with CD?and
has been linked to mucosal dysbiosis and functional alteration, asso-
ciated with disease activity and endoscopic recurrence following
surgery*”*®, and B. fragilis may induce intestinal inflammation through
toxin production®*2. In addition, we identified a new oral bacterium,
Actinomyces sp. oral taxon 181, that was significantly enriched in stool
samples of patients with CD and UC. It is possible that these resident

oral bacteria translocate to the Gl tract through the bloodstream or
the digestive system and colonize and induce inflammation in the
gut by activation of the intestinalimmune system'®. We also observed
anincreased abundance of G. morbillorum in patients with active UC
compared with those in remission, suggesting its potential role in the
inflammatory process'*.

We also explored the underlying mechanisms to further under-
stand therole of selected bacteriain IBD pathogenesis. The functional
microbiome has emerged as a prerequisite for host phenotype and
physiology, and increasing efforts have been made to link functional
traits and mechanisms of organisms to their environments for predic-
tion of survivaland community structure***. In this study, functional
metabolic perturbations were observed in patients with IBD, and the
probability of disease obtained from our multibacteria biomarker panel
couldreflect these metabolic dysregulations. Notably, some of bacte-
rial species drove the functional alterations. For example, reduction
in bacterial species with putative anti-inflammatory properties may
lead to areduced capacity for fermentation of dietary fiber and/or
production of short-chain fatty acid****, whereas their deficiency
is often connected with impaired intestinal mucosal barrier function
andinduction of intestinal inflammation*®, We also demonstrated that
severalbacteriadepletedinIBD were major contributorsto the amino
acid biosynthesis pathway, and thatimpairment of these pathways may
impactintestinal tissue repair and immune regulation in IBD***°. In vivo
andinvitro experiments can provide further mechanisticinsightsinto
the causal role of these bacteria and metabolic dysregulations in the
pathogenesis of IBD, as well as their future clinical utility in disease
monitoring or prediction of treatment response.

There were limitationsinthis study. First, as a cross-sectional study,
itis difficult to completely eliminate biases in cohort selection and
other unmeasured environmental influences. Although we did not
specifically collect dietary data, the consistent diagnostic performance
achieved when using data from transethnic public datasets, whereby
dietary habits vary, suggests that bacterial biomarkers are unlikely to be
influenced by diet. Performance of the biomarker panels also remained
unaffected regardless of different medications received by patients with
IBD.Second, the distribution of disease and controls was balanced in this
study, whichmay notreflect the true real-life prevalence of IBD, whichis
lower. Hence, future prospective studies consisting of alarger and more
diverse group of patients with various Gl symptoms would allow for a
more comprehensive evaluation of bacterial biomarkersinareal-world
population with Gl problems. Furthermore, investigationinto the micro-
biome characteristics of patients with different IBD phenotypes will
provide insights into the potential of developing microbiome-based
precision diagnostic tools. Lastly, the requirement of specialized equip-
ment, suchas m-ddPCRinstruments and personnel trainedinm-ddPCR
techniques, may limit theimplementation of amultibacterial diagnos-
tic panel in certain healthcare settings. However, because m-ddPCR
technology continues to advance and become more accessible, along
with the introduction of training programs, these challenges can be
addressed to enable successful worldwide implementation.

In conclusion, we have uncovered altered gut microbiome sig-
natures and metabolic pathways associated with UC and CD. Our tar-
geted ddPCR-based quantification of bacterial species, consistent with
metagenomics data fromdifferent populations, serves as the founda-
tion for diagnostic assays that are sufficiently robust, sensitive and cost
effective for clinical application. The identification of reproducible
bacterial biomarkers for IBD helps enable the design of noninvasive
diagnostictools for more precise and personalized approachesinIBD
detection and management.

Online content

Anymethods, additional references, Nature Portfolio reporting summa-
ries, source data, extended data, supplementary information, acknowl-
edgements, peer review information; details of author contributions

Nature Medicine | Volume 30 | December 2024 | 3555-3567

3565


http://www.nature.com/naturemedicine

Article

https://doi.org/10.1038/s41591-024-03280-4

and competinginterests; and statements of data and code availability
areavailable at https://doi.org/10.1038/s41591-024-03280-4.

References

1.

10.

n

12.

13.

14.

15.

16.

17.

18.

19.

20.

GBD 2017 Inflammatory Bowel Disease Collaborators. The global,
regional, and national burden of inflammatory bowel disease in
195 countries and territories, 1990-2017: a systematic analysis for
the Global Burden of Disease Study 2017. Lancet Gastroenterol.
Hepatol. 5,17-30 (2020).

Ng, S. C. Emerging trends of inflammatory bowel disease in Asia.
Gastroenterol. Hepatol. (N. Y.)12, 193-196 (2016).

Ng, S. C. et al. Worldwide incidence and prevalence of
inflammatory bowel disease in the 21st century: a systematic
review of population-based studies. Lancet 390, 2769-2778 (2017).
Noble, A. J., Nowak, J. K., Adams, A. T., Uhlig, H. H. & Satsangi, J.
Defining interactions between the genome, epigenome, and

the environment in inflammatory bowel disease: progress and
prospects. Gastroenterology 165, 44-60 (2023).
Ananthakrishnan, A. N. et al. Environmental triggers in IBD: a
review of progress and evidence. Nat. Rev. Gastroenterol. Hepatol.
15, 39-49 (2018).

Danese, S., Fiorino, G. & Peyrin-Biroulet, L. Early intervention in
Crohn’s disease: towards disease modification trials. Gut 66,
2179-2187 (2017).

D’Haens, G. et al. Early combined immunosuppression or
conventional management in patients with newly diagnosed Crohn’s
disease: an open randomised trial. Lancet 371, 660-667 (2008).
Jayasooriya, N. et al. Systematic review with meta-analysis: time
to diagnosis and the impact of delayed diagnosis on clinical
outcomes in inflammatory bowel disease. Aliment. Pharm. Ther.
57, 635-652 (2023).

Zheng, J., Sun, Q., Zhang, J. & Ng, S. C. The role of gut microbiome
in inflammatory bowel disease diagnosis and prognosis. United
European Gastroenterol. J. 10, 1091-1102 (2022).

Gevers, D. et al. The treatment-naive microbiome in new-onset
Crohn'’s disease. Cell Host Microbe 15, 382-392 (2014).

Moayyedi, P. et al. Fecal microbiota transplantation induces
remission in patients with active ulcerative colitis in a randomized
controlled trial. Gastroenterology 149, 102-109 (2015).

Palmela, C. et al. Adherent-invasive Escherichia coliin
inflammatory bowel disease. Gut 67, 574-587 (2018).

Zhang, J. et al. Elucidation of Proteus mirabilis as a key bacterium
in Crohn’s disease inflammation. Gastroenterology 160, 317-330
(2021).

Federici, S. et al. Targeted suppression of human IBD-associated
gut microbiota commensals by phage consortia for treatment of
intestinal inflammation. Cell 185, 2879-2898 (2022).

Zhang, Q. et al. Klebsiella pneumoniae induces inflammatory bowel
disease through Caspase-11-mediated IL18 in the gut epithelial
cells. Cell. Mol. Gastroenterol. Hepatol. 15, 613-632 (2023).
Kitamoto, S. et al. The intermucosal connection between the
mouth and gut in commensal pathobiont-driven colitis. Cell 182,
447-462 (2020).

Fujimoto, T. et al. Decreased abundance of Faecalibacterium
prausnitzii in the gut microbiota of Crohn'’s disease.

J. Gastroenterol. Hepatol. 28, 613-619 (2013).

Takahashi, K. et al. Reduced abundance of butyrate-producing
bacteria species in the fecal microbial community in Crohn’s
disease. Digestion 93, 59-65 (2016).

Glassner, K. L., Abraham, B. P. & Quigley, E. M. M. The microbiome
and inflammatory bowel disease. J. Allergy Clin. Inmunol. 145,
16-27 (2020).

Veltkamp, C. et al. Continuous stimulation by normal luminal
bacteria is essential for the development and perpetuation of
colitis in Tge26 mice. Gastroenterology 120, 900-913 (2001).

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

33.

34.

35.

36.

37.

38.

39.

40.

4.

42.

Franzosa, E. A. et al. Gut microbiome structure and metabolic
activity in inflammatory bowel disease. Nat. Microbiol 4, 293-305
(2019).

Ning, L. et al. Microbiome and metabolome features in
inflammatory bowel disease via multi-omics integration analyses
across cohorts. Nat. Commun. 14, 7135 (2023).

Pratt, M., Forbes, J. D., Knox, N. C., Bernstein, C. N. &

Van Domselaar, G. Microbiome-mediated immune signaling in
inflammatory bowel disease and colorectal cancer: support from
meta-omics data. Front. Cell Dev. Biol. 9, 716604 (2021).

Duvallet, C., Gibbons, S. M., Gurry, T., Irizarry, R. A. & Alm, E. J.
Meta-analysis of gut microbiome studies identifies disease-specific
and shared responses. Nat. Commun. 8,1784 (2017).

Corbacioglu S, K. & Aksel, G. Receiver operating characteristic
curve analysis in diagnostic accuracy studies: a guide to
interpreting the area under the curve value. Turk. J. Emerg. Med.
23, 195-198 (2023).

Sauer, S. & Kliem, M. Mass spectrometry tools for the
classification and identification of bacteria. Nat. Rev. Microbiol. 8,
74-82 (2010).

Patel, R. MALDI-TOF MS for the diagnosis of infectious diseases.
Clin. Chem. 61,100-111(2015).

Turnbaugh, P. J. et al. A core gut microbiome in obese and lean
twins. Nature 457, 480-484 (2009).

Schloissnig, S. et al. Genomic variation landscape of the human
gut microbiome. Nature 493, 45-50 (2013).

Zhang, J., Wang, J., Zhang, X. & He, F. Rapid detection

of Escherichia coli based on 16S rDNA nanogap network
electrochemical biosensor. Biosens. Bioelectron. 118, 9-15 (2018).
Chen, W. et al. Identification of bacteria in water by a fluorescent
array. Angew. Chem. Int. Ed. Engl. 53, 13734-13739 (2014).

Chen, W. et al. Breast cancer subtype classification using 4-plex
droplet digital PCR. Clin. Chem. 65, 1051-1059 (2019).

Lewin, A. S. et al. Multiplex droplet digital PCR assay for
detection of Flavobacterium psychrophilum and Yersinia ruckeriin
Norwegian aquaculture. J. Microbiol. Methods 177, 106044 (2020).
Taly, V. et al. Multiplex picodroplet digital PCR to detect KRAS
mutations in circulating DNA from the plasma of colorectal
cancer patients. Clin. Chem. 59, 1722-1731 (2013).

Statistical Guidance on Reporting Results from Studies Evaluating
Diagnostic Tests - Guidance for Industry and FDA Staff (Center for
Devices and Radiological Health, 2007); https://www.fda.gov/
regulatory-information/ search-fda-guidance-documents/
statistical- guidance-reporting-results-studies- evaluating-
diagnostic-tests-guidance- industry-and-fda

Ma, Y. et al. Metagenome analysis of intestinal bacteria in healthy
people, patients with inflammatory bowel disease and colorectal
cancer. Front. Cell Infect. Microbiol 11, 599734 (2021).

Lloyd-Price, J. et al. Multi-omics of the gut microbial ecosystem in
inflammatory bowel diseases. Nature 569, 655-662 (2019).
Darfeuille-Michaud, A. et al. High prevalence of adherent-invasive
Escherichia coli associated with ileal mucosa in Crohn'’s disease.
Gastroenterology 127, 412-421 (2004).

Vich Vila, A. et al. Gut microbiota composition and functional
changes in inflammatory bowel disease and irritable bowel
syndrome. Sci. Transl. Med. 10, eaap8914 (2018).

Chung, L. et al. Bacteroides fragilis toxin coordinates a
pro-carcinogenic inflammatory cascade via targeting of colonic
epithelial cells. Cell Host Microbe 23, 203-214 (2018).

Prindiville, T. P. et al. Bacteroides fragilis enterotoxin gene
sequences in patients with inflammatory bowel disease. Emerg.
Infect. Dis. 6, 171-174 (2000).

Toprak, N. U. et al. A possible role of Bacteroides fragilis
enterotoxin in the aetiology of colorectal cancer. Clin. Microbiol
Infect. 12, 782-786 (2006).

Nature Medicine | Volume 30 | December 2024 | 3555-3567

3566


http://www.nature.com/naturemedicine
https://doi.org/10.1038/s41591-024-03280-4
https://www.fda.gov/regulatory-information/search-fda-guidance-documents/statistical-guidance-reporting-results-studies-evaluating-diagnostic-tests-guidance-industry-and-fda
https://www.fda.gov/regulatory-information/search-fda-guidance-documents/statistical-guidance-reporting-results-studies-evaluating-diagnostic-tests-guidance-industry-and-fda
https://www.fda.gov/regulatory-information/search-fda-guidance-documents/statistical-guidance-reporting-results-studies-evaluating-diagnostic-tests-guidance-industry-and-fda
https://www.fda.gov/regulatory-information/search-fda-guidance-documents/statistical-guidance-reporting-results-studies-evaluating-diagnostic-tests-guidance-industry-and-fda

Article

https://doi.org/10.1038/s41591-024-03280-4

43. Pisani, A. et al. Dysbiosis in the gut microbiota in patients with
inflammatory bowel disease during remission. Microbiol. Spectr.
10, e0061622 (2022).

44, Tremaroli, V. & Backhed, F. Functional interactions between the

gut microbiota and host metabolism. Nature 489, 242-249 (2012).

45. Brown, E. M., Clardy, J. & Xavier, R. J. Gut microbiome lipid
metabolism and its impact on host physiology. Cell Host Microbe
31, 173-186 (2023).

46. Hiippala, K. et al. Novel Odoribacter splanchnicus strain and its

outer membrane vesicles exert immunoregulatory effects in vitro.

Front. Microbiol. 11, 575455 (2020).

47. Schirmer, M., Garner, A., Vlamakis, H. & Xavier, R. J. Microbial
genes and pathways in inflammatory bowel disease. Nat. Rev.
Microbiol. 17, 497-511 (2019).

48. Morrison, D. J. & Preston, T. Formation of short chain fatty acids
by the gut microbiota and their impact on human metabolism.
Gut Microbes 7, 189-200 (2016).

49. Ji, Y. etal. Insights into diet-associated oxidative
pathomechanisms in inflammatory bowel disease and protective
effects of functional amino acids. Nutr. Rev. 81, 95-113 (2022).

Publisher’s note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons
Attribution-NonCommercial-NoDerivatives 4.0 International License,
which permits any non-commercial use, sharing, distribution and
reproduction in any medium or format, as long as you give appropriate
credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if you modified the licensed
material. You do not have permission under this licence to share
adapted material derived from this article or parts of it. The images

or other third party material in this article are included in the article’s
Creative Commons licence, unless indicated otherwise in a credit

line to the material. If material is not included in the article’s Creative
Commons licence and your intended use is not permitted by statutory
regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder. To view a copy of this
licence, visit http://creativecommons.org/licenses/by-nc-nd/4.0/.

© The Author(s) 2024

'Microbiota I-Center (MaglIC), Hong Kong, China. 2Department of Medicine and Therapeutics, The Chinese University of Hong Kong, Hong Kong,
China. ®Department of Gastroenterology, St Vincent’s Hospital, Melbourne, Victoria, Australia. “Department of Medicine, The University of Melbourne,
Melbourne, Victoria, Australia. >Department of Internal Medicine, National Taiwan University Hospital and College of Medicine, Taipei, Taiwan.
SDepartment of Medicine, Max Rady College of Medicine, Rady Faculty of Health Sciences, University of Manitoba, Winnipeg, Manitoba, Canada.
"Department of Medicine, University of Chicago, Chicago, IL, USA. ®Frazer Institute, Faculty of Medicine, University of Queensland, Brisbane,
Queensland, Australia. °Centre for Gut Microbiota Research, The Chinese University of Hong Kong, Hong Kong, China. PInstitute of Digestive Disease,
State Key Laboratory of Digestive Diseases, Li Ka Shing Institute of Health Sciences, The Chinese University of Hong Kong, Hong Kong, China.

e-mail: wendyjwzhang@cuhk.edu.hk; siewchienng@cuhk.edu.hk

Nature Medicine | Volume 30 | December 2024 | 3555-3567

3567


http://www.nature.com/naturemedicine
http://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:wendyjwzhang@cuhk.edu.hk
mailto:siewchienng@cuhk.edu.hk

Article

https://doi.org/10.1038/s41591-024-03280-4

Methods

Ethics statement

This study has beenapproved by the Joint Chinese University of Hong
Kong-New Territories East Cluster Clinical Research Ethics Committee
(The Joint CUHK-NTEC CREC, CRE ref. nos. 2013.093, 2017.495 and
2022.308), the ethics committee of St Vincent’s Hospital (Melbourne,
Australia), research ethics boards for each center involved in the
research in Canada and National Taiwan University Hospital. All sub-
jects provided writteninformed consent.

Subject recruitment
We recruited two IBD cohorts consisting of patients with CD and UC,
and non-IBD controls. The first cohort consisted of 344 patients with
UC, 266 with CD and 365 controls fromthe Prince of Wales Hospital and
other hospitals in Hong Kong, which formed the basis for biomarker
discovery (205 UC, 174 CD and 118 controls; Supplementary Table 1)
and validation (139 UC and 139 controls; 92 CD and 108 controls; Sup-
plementary Table 2). A second group of patients, recruited from St
Vincent’s Hospital, Melbourne, Australia, was used as a validation
cohort (98 CD and 81 controls; Supplementary Table 2). Information on
gender was collected based on self-reporting. Patients with CD and UC
were diagnosed according to the standard criteria of endoscopy, radi-
ology and histology. CDAI scores of <150 (inactive) and >150 (active)
for patients with CD, and Mayo scores of <2 (inactive) and >2 (active)
for patients with UC, were collected. Individuals with no existing gut
disorder, including IBD, cancer, advanced adenoma, IBS or other GI
symptoms, were recruited as controls. Patients and control subjects
were excluded if they had used antibiotics in the previous month or
had known current sepsis (excluding uncomplicated infections such
asinfluenza) and a known history of severe organ failure (including
decompensated cirrhosis, malignant disease, kidney failure, epilepsy,
active serious infection or acquired immunodeficiency syndrome),
major bowel surgery in the past 6 months (excluding colonoscopy/
procedure related to perianal disease), presence of an ileostomy or
stoma or current pregnancy.

In addition, five in-house metagenomic cohorts of patients with
Gl disorders other than IBD, including CA (n=162), CRC (n =160) and
IBS-D (n=117), and patients not diagnosed with IBD but with non-GlI
disorders, including obesity (body mass index >28; n =148) and CVD
(n=143), werealsoincluded for validation® (Supplementary Table 3).
Subjects with CRC and CA were diagnosed by colonoscopy and con-
firmed on histologic examinations. Subjects with IBS were diagnosed
according to the ROME Il criteria, and endoscopy and enteroscopy
were performed to exclude other Gl disorders including IBD, celiac
disease, parasitic infestation or other organic disorders. Subjects with
CVD wererecruited fromthe public as part of asurvey of cardiovascu-
lar health in the Hong Kong general population. Subjects underwent
carotid ultrasound for measurement of intima/media thickness of
the common, internal and external carotid arteries and carotid bulbs;
those subjects with >50% stenosis in either single or multiple vessels
were regarded as having risk of CVD.

Two independent international cohorts from Canada (100 UC,
100 CD, 53 controls) and Taiwan (40 UC, 40 CD, 40 controls) were
recruited fromseveral centersin Canada and from the National Taiwan
University Hospital, respectively, according to the sameinclusionand
exclusion criteria previously mentioned. Information on gender was
collected based on self-reporting. CDAI scores (<150 or under, inac-
tive; >150, active) or Harvey-Bradshaw index scores (<4, inactive; >4,
active) for patients with CD, and Mayo scores (<2, inactive; >2, active)
for patients with UC, were collected.

Sample collection

All participants were required to provide at least one spoonful of stool
sample using a stool collection tube provided by the investigator in
advance. Following collection, stool samples were divided into 2-ml

tubes and promptly transferred to a —80 °C, ultralow-temperature
freezer for storage until further processing. Aliquot tubes were used for
different tests to avoid repeated freezing and thawing. Samples from
other centers were processed using the same procedure, and shipped
by courier to Hong Kong at low temperatures using dry ice.

Fecal DNA extraction and metagenomic sequencing

Fecal bacterial DNA was extracted using the Maxwell RSC PureFood
GMO and Authentication Kit (Promega), with modifications to the
standard protocol to increase the yield of DNA. Briefly, approxi-
mately 100 mg of stool from each subject was suspended in 1 ml of
double-distilled H,0 and pelleted by centrifugation at 13,000g for
1 min. Towashed samples were added 800 pl of TE buffer (pH 7.5),16 pl
of beta-mercaptoethanol and 250 U lyticase, with sufficient mixing
and digestion at 37 °C for 90 min, followed by pelleting by centrifuga-
tionat13,000g for 3 min. Following pretreatment, the precipitate was
resuspendedin 800 pl of CTAB buffer and mixed well. Following heat-
ing of samples at 95 °C for 5 minand cooling for 2 min, nucleic acid was
released by vortexing with 0.5- and 0.10-mm beads at 4,500 rpm for
5 min. Following this, 40 pl of Proteinase K and 20 pl of RNase A were
added and nucleic acid was digested at 70 °C for 10 min. Finally, the
supernatant was obtained following centrifugationat13,000gfor 5 min
and placed inaMaxwell RSC instrument for DNA extraction. Following
quality control procedures by Qubit 2.0, agarose gel electrophore-
sis and an Agilent 2100, metagenomic libraries were prepared using
the Nextera DNA Flex Library Preparation kit (Illumina), pooled and
sequenced at the Microbiota-1 Centre (MagIC) or outsourced (Novo-
gene) using the lllumina NovaSeq 6000 targeting 6 Gb of sequence per
sample with 150 base pairs of paired-end reads.

Public datasets of IBD and controls

Available public datasets were systematically searched from all
published papers and NCBI with metagenomic datasets using the
keywords ‘inflammatory bowel disease’, 'ulcerative colitis’, 'Crohn’s
disease’, 'metagenomics’ and ‘gut microbiome’. Raw fecal metagen-
omic sequencing data and clinical metadata of the three popula-
tions from the United States, Europe and mainland China (101 UC,
136 CD, 125 controls) were downloaded from the European Nucleo-
tide Archive (ENA) using the following ENA identifiers: PRINA400072
(ref. 21) for cohorts from the United States and the Netherlands; and
PRJNA429990 (ref. 51) and PRJEB15371 (ref. 52) for the two cohorts
from mainland China (Supplementary Table 2). Information on treat-
ment and fecal calprotectin data from cohorts in the United States
and the Netherlands (PRJINA400072) were extracted for subgroup
analysis. The IBS cohort from Mars RAT 2020 (ref. 53) was down-
loaded using the ENA identifier PRJEB37924. Metagenomic taxonomy
profiling data from cohorts Hall AB 2017 (PRJNA385949)°*, Nielsen
HB 2014 (PRJEB1220)*, HMP 2019 IBDMDB (PRJNA398089)%, LifeLD
VilaAV 2018 (EGAS00001001704, EGAD00001004194)***” and ljaz
UZ 2017 (PRJEB18780)%, from CRC and CA cohorts (refs. 59-62) and
from the obesity cohort (LeChatelierE 2013 (ref. 63)) were acquired
from curatedMetagenomicData (v.3.10.0)%*.

Sequence data preprocessing and microbiome profiling

Adapters were removed using trimmomatic-0.39 in paired-end mode.
Sequencing reads were trimmed when the average quality per base
fell below 20 with a four-base-wide sliding window. Sequencing
reads <50 bases in length were discarded. Host-contaminating reads
were filtered using Kneaddata (v.0.10.0) with the human reference
genome (hg37decv0.1, https://ftp.ncbi.nlm.nih.gov/genomes/all/
GCF/000/001/405/GCF_000001405.25_GRCh37.p13/). Samples of low
read count following quality filtration (<1 million reads) were excluded
fromour analysis. Furthermore, microbiome profiling was performed
using MetaPhlAn3 (v.3.0.13). Sequences alignment of clade-specific
markers gene and annotation of species pangenomes were performed

Nature Medicine


http://www.nature.com/naturemedicine
https://www.ncbi.nlm.nih.gov/bioproject/?term=PRJNA400072
http://www.ncbi.nlm.nih.gov/bioproject/?term=PRJNA429990
https://www.ncbi.nlm.nih.gov/bioproject/?term=PRJEB15371
http://www.ncbi.nlm.nih.gov/bioproject/?term=PRJNA400072
https://www.ebi.ac.uk/ena/data/view/PRJEB37924
https://www.ncbi.nlm.nih.gov/bioproject/?term=PRJNA385949
http://www.ncbi.nlm.nih.gov/bioproject/?term=PRJEB1220
https://www.ncbi.nlm.nih.gov/bioproject/?term=PRJNA398089
https://ega-archive.org/studies/EGAS00001001704
https://ega-archive.org/datasets/EGAD00001004194
https://www.ebi.ac.uk/ena/data/view/PRJEB18780
https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/000/001/405/GCF_000001405.25_GRCh37.p13/
https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/000/001/405/GCF_000001405.25_GRCh37.p13/

Article

https://doi.org/10.1038/s41591-024-03280-4

with Bowtie2 (v.2.4.2). Relative abundance tables of taxawere acquired
for further analysis. Microbiome functional pathways were profiled
using HUMANN (v.3.0).

Metabolic pathway analysis

To determine the dysbiotic metabolic functions in the discovery
cohort, we used a functional dysbiosis score from Bray-Curtis dis-
similarities based on the signature of metabolic functional pathways,
as described in a previous study”. Briefly, a ‘reference set’ of samples
was constructed from controls; the functional dysbiosis score of agiven
sample was then defined as the median Bray-Curtis dissimilarity to
this reference sample set. To assess the metabolic dysbiosis in differ-
ent groups, the 90th percentile of the functional dysbiosis scores for
control samples was set as the threshold.

Microbiome analysis

Alpha-diversity, such as Shannon index and observed species, was
calculated for each sample using the R package phyloseq (v.1.34.0).
Beta-diversity analysis based on Bray-Curtis distances was calculated
iththeR package vegan (v.2.6.4). Microbiome composition differences
among different phenotypes (for example, disease subtype, age and
gender) were calculated by permutational multivariate analysis of
variance using Bray—Curtis distances with the adonis2 functionin the
R vegan package (v.2.6.4), with 999 permutations. MaAsLin2 were per-
formed to determine the multivariable association between bacterial
species and functional pathways and clinical data (for example, disease,
age andgender), with controls as reference, using the R package MaAs-
Lin2 (v.1.4.0). Heat maps were generated using pheatmap (v.1.0.12).
Boxplots and violin plots were plotted using the R packages ggpubr
(v.0.6.0) and ggplot2 (v.3.4.4). Correlation among disease-associated
bacterial species was calculated by Spearman correlation and visual-
ized by pheatmap (v.1.0.12).

Construction of random forest-based diagnostic models

The random forest algorithm was used to build the diagnostic models.
The discovery cohort was randomly divided into 70% as the training
set and 30% as the testing set. Preselected bacterial species candi-
dates wereinput to construct the model with fivefold cross-validation.
Each time, the weakest feature was recursively removed according to
the ‘mean decrease accuracy’ value generated by the random forest
algorithm. The ROC AUC value for different feature numbers was then
obtained. Following selection of the best-performing features, we
trained a model with well optimized hyperparameters (for example,
mtry, maxnodes, nodesize, ntree) and fivefold cross-validation to avoid
overfitting issues. Model performance was evaluated on a battery of
assessment metrics, including AUC, accuracy, sensitivity, specificity
and positive and negative predictive values. Independent validation
cohorts, public datasets and other non-IBD disease datasets were input
to the well-trained model. Results were evaluated by the assessment
metrics mentioned above. The probability of disease was generated
in the random forest model based on votes by all trees (R packages
RandomForest (v.4.6-14), caret (v.6.0-94) and pROC (v.1.18.2)) in this
analysis. The Youden index (Y = sensitivity + specificity — 1) was used
to determine the optimal cutoff value for the probability of disease in
the test set. Kernel Shapley additive explanation (SHAP) values were
calculated and visualized using the R packages kernelshap (v.0.3-7)
and shapviz (v.0.8-0).

Fecal calprotectin test

Fecal calprotectin levels were measured in samples from 72 patients
with IBD (36 UCand 36 CD) and 36 with IBS fromin-house sequencing
cohorts, as well as fromindependent validation cohorts from Canada
(100 UC,100 CD, 53 controls) and Taiwan (40 UC, 40 CD, 40 controls),
using BUHLMANN fCAL ELISA assays according to the manufactur-
er’s protocol. All fecal calprotectin levels measured are represented

as micrograms of of calprotectin detected per gram of fecal matter
(ngg™.

m-ddPCR

The abundance of bacterial species biomarkers was determined by
newly designed m-ddPCR assays. The sequences of primers and probes
used for detectiion of the ten UC bacterial species biomarkers, nine CD
bacterial species biomarkers and the reference gene are listed in Sup-
plementary Table 4. The ddPCR mixture consisted of 10 pl of ddPCR
Supermix for Probes (no dUTP, Bio-Rad, cat. no. 1863024), primers,
probes (allocated combination and probe concentration are listed in
Supplementary Table 4), 2 pul of the above-mentioned DNA extracted
from fecal sample (diluted to 5 ng pl™ in reactions 1and 2, diluted to
0.05 ng plinreaction 3) and nuclease-free water (to 20 pl). The 20-pl
ddPCR mixture and 70-pl Droplet Generation Oil for Probes (Bio-Rad,
cat.no.1863005) were then loaded into DG8 Cartridges (Bio-Rad, cat.
no. 1864008). DG8 Gaskets (Bio-Rad, cat. no. 1863009) were then
hooked over the cartridge holder. The droplets for each sample were
generated using the QX200 Droplet Generator (Bio-Rad) and then
transferred to ddPCR 96-well plates (Bio-Rad, cat. n0.12001925). After
covering the plate with foil seal (Bio-Rad, cat. no. 1814040) and seal-
ing in PX1 PCR Plate Sealer (Bio-Rad), the 96-well plates were run on
the Bio-Rad T100 PCR System. The PCR program was: (1) initial dena-
turation at 95 °C for 10 min; (2) 40 cycles of denaturation at 94 °C for
30 s, and annealing and extension at 59 °C for 1 min; and (3) enzyme
deactivation at 98 °C for 10 min. Following PCR, droplet fluorescence
was detected in a QX200 Droplet Reader (Bio-Rad) and data were
analyzed by QuantaSoft Analysis Pro (v.1.0.596). The concentration
of each bacterial species biomarker was determined and then nor-
malized by the concentration of the 16S reference gene (normalized
abundance of target = concentration of the target/concentration of
16S). The random forest models for UC and CD based on ddPCR data
were subsequently established for IBD diagnosis, forming the stool
microbial biomarker test.

Statistical analyses

Comparison of alpha-diversity and the relative abundance of bacterial
species biomarkers between disease and control groups were per-
formed with a nonparametric test such as the Wilcoxon signed-rank
test. Correlations between the abundance of bacterial species biomark-
ers, as determined by metagenomics and m-ddPCR, were given by
Spearman correlation. Correlations amongselected bacterial species
biomarkers and pathways, and correlation between functional dysbio-
sisscores and probability of disease, were calculated using Spearman
correlation. AUC values were determined by random forest models.

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

Data availability

The metagenomic sequencing data generated in this study have been
deposited in the NCBI Sequence Read Archive database with BioPro-
ject no. PRINA1086048. Other raw metagenomic data are available
in the SRA and European Nucleotide Archive under accession nos.
PRJNA400072, PRJNA429990 and PRJEB15371. Source Data are pro-
vided with this paper.

Code availability

The software packages used in this study are free and open source. The
bioBakery tools (including KneadData, MetaPhlAn3 and HUMANN3)
are available via http://huttenhower.sph.harvard.edu/biobakery as
source code and installable packages. The code and scripts used for
microbiome analyses or figure visualization are available via GitHub
at https://github.com/WooJenny27/IBD-project/.
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Extended Data Fig. 1| Factors explaining microbiota variance. Multivariate analysis showing the amount of explained variance and the respective P value
determined by PERMANOVA based on Bray-Curtis dissimilarity at species level.
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Extended Data Fig. 2| Comparisons of the relative abundance of six phyla
among patients withUC (N = 205),CD (N = 174), and controls (N = 118).Data
were showninboxplots as the median (centre line), 25th and 75th percentiles
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Extended DataFig. 4 | Differential functional pathway between UC/ CD with age and gender adjusted. The correlation coefficient and two-sided P value
patients and controls, and their correlation with bacterial species between ten UC or nine CD bacterial species biomarkers and differential
biomarkers. a, Differential functional pathways between UC patients and functional pathways were given by Spearman correlation. *, p < 0.05; **, p < 0.01;
controls determined by MaAsLin2 with age and gender adjusted. b, Differential ** p<0.001.CD: Crohn’s disease; UC: Ulcerative colitis.

functional pathways between CD patients and controls determined by MaAsLin2
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Extended Data Fig. 5| Functional pathways in UC and CD patients compared
with controls. a-b, Contribution of bacterial species biomarkers in differential
functional pathwaysin UC (N =205) and CD patients (N = 174) compared with
controls (N =118). The stacked bar plotindicates the contribution of bacterial
species biomarkers and other bacteriain each sample. Data were shown in
boxplots as the median (centre line), 25th and 75th percentiles (box limits), and
Sthand 95th percentiles (whiskers). The gray diamond represents the mean

value. ¢, Distribution of functional dysbiosis scores determined by median
Bray-Curtis dissimilarity between a sample and controls. The dash line indicates
the 90th percentile of the functional dysbiosis scores for controls samples.

d, Comparison of functional dysbiosis scores among UC (N = 205), CD (N =174)
and controls (N =118). The dash lines in violin plot represent Q1, median,

Q3. P values were calculated using the two-sided Wilcoxon rank-sum test.

CD: Crohn’s disease; UC: Ulcerative colitis.
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Extended Data Fig. 6 | Relative abundance of bacterial species biomarkersin
controls and patients at inactive and active status. a, The relative abundance
of ten UC bacterial species biomarkers in controls and UC patients at inactive and
active status. b, The relative abundance of nine CD bacterial species biomarkers
in controls and CD patients atinactive and active status. e, Comparison of

the probability of disease calculated by the random forest model between

CD patients at inactive (N = 69) and active (N = 9) status. ¢, Comparison of the
probability of disease calculated by the random forest model between UC
patients atinactive (N =110) and active (N = 11) status. d, Model performance

1-5%32iﬁcity
in distinguishinginactive UC patients (N =40) and controls (N = 42). f, Model
performance in distinguishing inactive CD patients (N = 69) and controls
(N=108).Shaded areas of the ROC curves represent the 95% confidence interval
ofthe AUC for each cohort. Data were shown in boxplots as the median (centre
line), 25th and 75th percentiles (box limits), and 5th and 95th percentiles
(whiskers). The gray diamond represents the mean value. P values were given by
the two-sided Wilcoxon rank sum test. CD: Crohn’s disease; UC: Ulcerative colitis;
IBS, Irritable bowel syndrome.
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Extended Data Fig. 7 | See next page for caption.
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Extended Data Fig. 7| Abundance and prevalence of bacterial species
biomarkers and the performance of diagnostic models in cohorts from
different ethnicities and regions. a-b, Signature of bacterial species biomarkers
for UC and CD diagnosis in patients and healthy individuals of discovery cohort,
validation cohort, and three downloaded public datasets. The abundance of
species was normalized to log2 fold change (log2FC) relative to the mean of
control samples. P values were calculated using the two-sided Wilcoxon rank-sum
test. P values were then converted to -logl0(P-value) after using Benjamini-
Hochberg correction to control for multiple testing. Prevalence indicates the
proportion of bacterial presence in UC, CD, and healthy group of each cohort.

¢, The probability of disease calculated by the random forest model between
UC/CD patients and controls in Hong Kong discovery cohort (205UC,174 CD, 118
controls), validation cohort from Hong Kong (139 UC, 139 controls; 92 CD, 108
controls) and Australia (98 CD, 81 controls), and public datasets from the

United States (53 UC, 68 CD, 34 controls), Netherlands (23 UC, 20 CD, 22 controls)
and mainland China (25 UC, 15 controls; 48 CD, 54 controls). Data were shown in
boxplots as the median (centre line), 25th and 75th percentiles (box limits), and
Sthand 95th percentiles (whiskers). P values were calculated using the two-sided
Wilcoxon rank-sum test. d, Correlation among the ten UC bacterial species
biomarkers. UC-depleted bacteria were labelled with green color while the
UC-enriched ones were labeled with yellow color. e, Correlation among the nine
CD bacterial species biomarkers. CD-depleted bacteria were labelled with green
color while the CD-enriched ones were labeled with orange color. Grids in red
indicated positive correlation, while grids in blue indicated negative correlation.
The correlation coefficient and two-sided P value were given by Spearman
correlation. *p < 0.05, **p < 0.01, **p < 0.001. CD: Crohn’s disease; UC: Ulcerative
colitis.
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Extended Data Fig. 8 | Relative abundance of bacterial species biomarkers
inUC/CD and other non-IBD disease groups in Hong Kong cohort. a, Relative
abundance of 10 UC bacterial species biomarkers in UC (N =205) and other non-
IBD disease group (162 CA, 160 CRC, 117 IBS-D, 148 obesity, 143 CVD, 118 Controls).
b, Relative abundance of 9 CD bacterial species biomarkersin CD (N =174) and
other non-IBD disease group (162 CA, 160 CRC, 117 IBS-D, 148 obesity, 143 CVD,

118 Controls). Data were shown in boxplots as the median (centre line), 25th and
75th percentiles (box limits), and 5th and 95th percentiles (whiskers). The gray
diamond represents the mean value. P values were calculated using the
two-sided Wilcoxon rank-sum test. CD: Crohn’s disease; UC: Ulcerative colitis;
IBS-D, Irritable bowel syndrome (diarrhea subtype); CA, Colorectal adenomas;
CRC, Colorectal cancer; CVD, Cardiovascular disease.
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Extended Data Fig. 9 | Performance of general IBD model in classifying IBD
from and non-IBD subjects. a, ROC of general IBD model in classifying IBD from
controlsand non-IBD in test set, IBD validation cohort, and non-IBD cohort.

b, Prototypical standards for reporting diagnostic accuracy studies (STARD)

diagram reporting the flow of participants inindependent international IBD

cohort (IBD =1882, Controls=2027). ¢, Comparison of diagnostic performance of
general IBD model and fecal calprotectinin classifying IBD from and IBS subjects.
Shaded areas of the ROC curves represent the 95% confidence interval of the AUC
for each cohort. IBD, Inflammatory Bowel Disease; IBS, Irritable bowel syndrome.
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Extended Data Fig. 10 | Difference of probability of disease (POD) calculated by metagenomics-based model and m-ddPCR-based model for UC and CD.
CD: Crohn’s disease; UC: Ulcerative colitis.
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PCR data were generated on the Bio-rad QX200 system. Other sequencing data were downloaded from the public datasets.

Data analysis CuratedMetagenomicData (v3.10.0), Trimmomatic(v0.39), Kneaddata (v0.10.0), MetaPhlAn3 (v3.0.13), Bowtie2 (v2.4.2), HUMAnNN (v3.0) were
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The metagenomics data generated in this study have been deposited in the National Center for Bioinformation database under accession code PRINA1086048
(https://www.ncbi.nIm.nih.gov/sra/PRINA1086048). Other raw metagenomic data are available in the SRA and European Nucleotide Archive under accession
number PRINA400072, PRINA429990, PRJEB15371, and PRIEB37924. Metagenomic taxonomy profiling data from Hall AB 2017 cohort (PRJINA385949), Nielsen HB
2014 cohort (PRJEB1220), HMP 2019 IBDMDB cohort (PRINA398089), LifeLD VilaAV 2018 cohort (EGASO0001001704, EGAD0O0001004194), and ljaz UZ 2017
(PRJEB18780), and CRC and CA cohorts (Feng Q, Zeller G, Wirbel J, Yachida S), and obesity cohort from LeChatelierk 2013) was acquired from
curatedMetagenomicData (v3.10.0). Human reference genome (hg37decv0.1) were downloaded from https://ftp.ncbi.nim.nih.gov/genomes/all/GCF/000/001/405/
GCF_000001405.25_GRCh37.p13/.
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Reporting on sex and gender In this study, we did not have any specific requirements for participants' gender. The information of gender was collected
based on self-reporting. All subjects have provided written informed consent. The gender of participants in discover cohort,
validation cohorts and public datasets were described separately in the Supplementary Table S1 and Supplementary Table S2.

Reporting on race, ethnicity, or  The discovery cohort in this study only used the Hong Kong population, and the validation cohorts used the Hong Kong and

other socially relevant Australian populations. Public datasets from different regions (including the United States, Netherlands, Mainland China,

groupings Spain, Denmark, and the United Kingdom) were used to verify the stability of the diagnostic model. Non-IBD patients from
Hong Kong, Austria, France, Germany, Japan, the United States, and Denmark were also used to validate the accuracy of the
diagnostic model. Independent cohorts from Canada and Taiwan were used for validation using the multiplex droplet digital
PCR method. The race, ethnicity, or other socially relevant groupings of participants in this study was described in the
Supplementary Table S2.

Population characteristics Atotal of 5,979 samples, including 1,884 samples from in-house sequencing datasets and 4,095 samples from public
datasets, was included in this study. In discovery cohort, a total of 497 subjects from Hong Kong were enrolled, comprising
174 CD patients, 205 UC patients and 118 controls. The Hong Kong validation cohort includes 139 UC patients and 139
controls for UC model validation and 92 CD patients and 108 controls for CD model validation. The Australian validation
cohort includes 98 CD patients and 81 controls. The detailed characteristics of discover cohort and validation cohorts were
described in the Supplementary Table S1 and Supplementary Table S2. Five in-house sequencing cohorts of non-IBD patients
with other gastrointestinal disorders, including colorectal adenomas (CA, n=162), colorectal cancer (CRC, n=160), irritable
bowel syndrome (diarrhea subtype, IBS-D, n=117), and non-IBD patients with non-gastrointestinal disorders, including
obesity (n=148) and cardiovascular disease (CVD, n=143), were also included for validation. The public datasets of IBD
cohorts (n=3,252) and non-IBD cohorts (n=843) were downloaded for validation. Another two independent IBD cohorts from
Canada (n=253) and Taiwan (n=120) were used for multiplex droplet digital PCR test and fecal calprotectin test.

Recruitment IBD patients in Hong Kong discovery cohort and validation cohorts were recruited from Prince of Wales Hospital and several
other regional hospitals in the New Territories East Cluster (NTEC) in Hong Kong. Patients with CD and UC were diagnosed
according to standard criteria of endoscopy, radiology, and histology. Control subjects were only recruited from Prince of
Wales Hospital. Individuals with no existing gut disorders such as inflammatory bowel diseases, cancer, advanced adenoma,
irritable bowel syndrome, or other Gl symptoms were recruited as control subjects. IBD patients and control subjects were
excluded if the antibiotics was used in the last 1 month before entering the study, known current sepsis (excluding
uncomplicated infections such as influenza), known history of severe organ failure (including decompensated cirrhosis,
malignant disease, kidney failure, epilepsy, active serious infection, acquired immunodeficiency syndrome), major bowel
surgery in the last 6 months (excluding colonoscopy/ procedure related to perianal disease), presence of an ileostomy or
stoma, or current pregnancy. Finally, 205 UC patients, 174 CD patients and 118 control subjects were recruited in the
discovery cohort; 139 UC patients and 139 control subjects were recruited in the UC validation cohort; 92 CD patients and
108 control subjects were recruited in the CD validation cohort.

International IBD independent validation cohorts were recruited from Australia, Canada and Taiwan according to the same
inclusion and exclusion criteria mentioned above. CD patients and control subjects in Australian validation cohort were
recruited from St Vincent's Hospital, Melbourne, Australia. UC patients, CD patients, and control subjects in Canada and
Taiwan cohorts were recruited from several centers in Canada and from National Taiwan University Hospital, respectively.
Finally, 98 CD patients and 81 control subjects from Australia, 100 UC patients, 100 CD patients and 53 control subjects from
Canada, 40 UC patients, 40 CD patients and 40 control subjects from Taiwan were recruited.

All non-IBD subjects were recruited from the Prince of Wales Hospital. Subjects with CRC and CA were diagnosed by
colonoscopy and confirmed on histology examinations. Subjects with IBS were diagnosed according to the ROME IlI criteria,
and endoscopy and enteroscopy were performed to exclude other Gl disorders like IBD, coeliac disease, parasite infestations,
and other organic disorders. Subjects with cardiovascular disease (CVD) were recruited from the public as part of a survey of
cardiovascular health in the Hong Kong general population. Subjects underwent carotid ultrasounds to measure intima-media
thickness (IMT) of the common, internal, and external carotid arteries (CCA, ICA and ECA, respectively) and carotid bulbs and

>
Q
—
(e
(D
©
(@)
=
S
<
-
(D
©
O
=
>
(@)
w
[
3
=
Q
A




subjects that had >50% stenosis in a single or multiple vessels were regarded as having the risk of CVD. Patients with obesity
were defined as those with body mass index greater than 28.
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Ethics Committee (The Joint CUHK-NTEC CREC, CRE Ref. No 2013.093, No 2017.495, No 2022.308), the ethics committee of
St Vincent's Hospital (Melbourne, Australia), research ethics boards for each center involved in the research in Canada, and
National Taiwan University Hospital. All subjects have provided written informed consent.
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Commun 14, 7135 (2023).

Data exclusions  Samples of low read count after quality filtration (<1 million reads) were excluded from our analysis.

Replication This is a study focusing on the disease diagnosis, and indeed on the reproducibility. We used five-fold cross validation for model construction
and validated the models in two independent cohorts and three public datasets from different regions. Droplet digital PCR test were used to
validate the robustness of these biomarkers.

Randomization Not applicable for this observational case-control study.

Blinding Blinding was impossible during data collection because study subjects were already diagnosed before recruitment. Additionally, blinding was
impossible during analysis as models and statistical analyses relied on disease grouping information.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods

n/a | Involved in the study n/a | Involved in the study
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|:| Eukaryotic cell lines |:| Flow cytometry

X |:| Palaeontology and archaeology |:| MRI-based neuroimaging
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Plants

Seed stocks

Novel plant genotypes

Authentication

Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If
plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches,
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor
was applied.

Describe-any-atithentication-procedtres foreach seed stock- tised-ornovel genotype generated—Describe-any-experiments-tsed-to
assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.
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